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a b s t r a c t 

In this paper, we introduce a novel methodology for the analysis of task-related fMRI data. In particular, we 

propose an alternative way for constructing the design matrix, based on the newly suggested Information-Assisted 

Dictionary Learning (IADL) method. This technique offers an enhanced potential, within the conventional GLM 

framework, (a) to efficiently cope with uncertainties in the modeling of the hemodynamic response function, (b) 

to accommodate unmodeled brain-induced sources, beyond the task-related ones, as well as potential interfering 

scanner-induced artifacts, uncorrected head-motion residuals and other unmodeled physiological signals, and (c) 

to integrate external knowledge regarding the natural sparsity of the brain activity that is associated with both the 

experimental design and brain atlases. The capabilities of the proposed methodology are evaluated via a realistic 

synthetic fMRI-like dataset, and demonstrated using a test case of a challenging fMRI study, which verifies that 

the proposed approach produces substantially more consistent results compared to the standard design matrix 

method. A toolbox extension for SPM is also provided, to facilitate the use and reproducibility of the proposed 

methodology. 
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. Introduction 

In order to perform different actions/tasks, the brain is thought to

ely on the simultaneous activation of several Functional Brain Networks

FBN) ( Fair et al., 2009; Huettel et al., 2009 ), which are engaged in

roper interaction to execute the tasks effectively. Such networks, po-

entially distributed over the whole brain, constitute segregated regions

hat exhibit high functional connectivity ( Fair et al., 2009; Huettel et al.,

009; Poldrack et al., 2011 ). The latter is measurable via the underlying

orrelations among the associated activation/deactivation time patterns

eferred to as time courses ( Huettel et al., 2009 ). 

During the last decades, functional Magnetic Resonance Imaging

fMRI) has become one of the most popular tools to study the brain-

ehavior links for neurophysiological ( Aslak et al., 2019; Huettel et al.,

009; Krohne et al., 2019; Rui et al., 2020 ) and clinical research ( Castro

t al., 2016; Hannanu et al., 2020; Musaeus et al., 2019; Seo et al.,

019 ), since it is a non-invasive imaging modality that enjoys a rela-

ively good spatial resolution ( Poldrack et al., 2011 ). Unlike other al-

ernative non-invasive techniques that target neuronal activation more

irectly, e.g. Electroencephalography (EEG), fMRI records brain activ-
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ty indirectly by measuring the variation in the level of oxygen on the

urrounding tissues due to the neuronal activity, referred to as Bold

xygenation Level-Dependent (BOLD) contrast ( Huettel et al., 2009 ).

he obtained fMRI measurements associated with each voxel comprise

 mixture of the activation patterns that correspond to those FBNs that

ere active during the experiment in the scanner. Moreover, beyond

he brain-induced sources, additional physiological signals ( Dagli et al.,

999 ) and scanner-induced artifacts ( Huettel et al., 2009 ) may also ap-

ear and contribute to the measured fMRI data. One of the primary aims

f fMRI data analysis consists of unmixing all those sources to reveal

oth their activation patterns and their corresponding areas of activa-

ion, referred to as spatial maps , in which each brain source of interest

anifests itself in revealing its corresponding FBN. 

In the case of task-related fMRI experimental designs, the partici-

ants are presented with a fixed number of pre-selected conditions. One

ay to analyze these data consists of estimating the evoked hemody-

amic response for each one of the conditions of the experimental de-

ign, usually referred to as task-related time courses. Each one of these

ask-related time courses can be modeled as a convolution between a hy-

othesized neuronal activation and a particular impulse response func-
ember 2021 
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dependence among time courses, referred to as temporal-ICA. However, spatial- 
ion ( Boynton et al., 1996; Friston et al., 1994 ), called Hemodynamic

esponse Function (HRF). Among a variety of models for the functional

hape of the HRF, the two-gamma model ( Friston et al., 1994 ) has been

idely used for decades. In particular, one widely used function stands

ut from this model: the so-called canonical HRF, and many standard

oolboxes for fMRI data analysis use it as a default, e.g. SPM 

1 or FSL 2 . 

onventional task-related fMRI experiments 

Conventional clinical and neurophysiological task-related fMRI ex-

eriments aim to unveil the different FBNs or the brain areas that ac-

ively contribute to and underlie the task-related performance. Among

 variety of alternatives, the General Linear Model (GLM) consti-

utes one of the most widely used approaches to analyze this kind of

ata ( Poldrack et al., 2011 ). Briefly, given a particular set of predefined

egressors, such as the estimated task-related time courses, the GLM as-

umes that the signal measured at each voxel results from a linear com-

ination of these regressors plus noise, and it determines how strongly

ach one of them matches the measured signal at each voxel indepen-

ently ( Huettel et al., 2009; Poldrack et al., 2011 ). The obtained param-

ters only provide an estimate of the relative signal amplitude evoked by

ach one of the task-related time courses. Therefore, statistical tests are

ubsequently employed to determine the voxels that exhibit significant

ctivation. 

Despite its relative simplicity, the GLM still plays a fundamental role

ithin the task-related fMRI framework; either as a primary method

o analyze task-related fMRI data, e.g., ( Grady et al., 2021; Hannanu

t al., 2020; Lebreton et al., 2019; Olszowy et al., 2018 ), or as a supple-

entary technique, e.g., as a baseline for introducing more advanced or

ew techniques, e.g., Chatzichristos et al., 2020 , or even as an approx-

mate “ground truth ” for fine-tuning regularization parameters that are

ssociated with certain methods, e.g., Lv et al., 2017 . However, GLM

uffers from two crucial —and well known —limitations: a) it assumes

hat the HRF is known, fixed and the same for all participants, whereas

he truth is that the HRF significantly varies across individuals due to

 wide range of factors ( Handwerker et al., 2004; Levin et al., 2001;

oseworthy et al., 2003; Seghouane and Shah, 2013 ), and b) hypothe-

is testing of whether a voxel is active due to the experimental task or

ot is based on the assumption that the measured signal can be modeled

s a linear combination of predetermined imposed factors plus additive

aussian noise, which is assumed to be independently distributed across

oxels ( Huettel et al., 2009 ). 

Therefore, the appropriate definition of the task-related time courses

lays a crucial role within the GLM framework; all the outcomes of the

tatistical tests and the identification of the significant activation pat-

erns depend directly on the accuracy of the defined task-related time

ourses. Hence, if the task-related time courses are poorly modeled, they

an introduce detrimental effects, leading to inaccurate or incomplete

esults ( Poldrack et al., 2011 ). 

A prominent alternative for fMRI data analysis is the Blind Source

eparation (BSS) approach, which is usually performed with the aid of

ppropriate matrix factorization schemes. In general, BSS methods aim

o unveil the different sources from the fMRI data without the nece-

esity of any prior information regarding the experimetal task. Inde-

endent Component Analysis (ICA) and Dictionary Learning (DL) are

wo of the most popular paths, e.g., Zhang et al. (2019) . Although ICA

nd DL are both BSS methods, they differ considearbly from each other

rom a theoretical perspective ( Theodoridis, 2020 ). ICA is a statistical

ethod, which assumes that the FBNs constitute a set of maximally spa-

ially independent set of sources 3 . On the other hand, DL is a sparsity

romoting representation-based method, which exploits the segregated
1 Statistical Parametric Mapping (SPM). Welcome Trust Centre for Neu- 

oimaging, London, UK. https://www.fil.ion.ucl.ac.uk/spm/ 
2 FMRIB Software Library (FSL): https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/ 
3 This approach is referred to as spatial-ICA, which produces spatially inde- 

endent components. Alternatively, it is possible to perform ICA assuming in- 
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2 
ature of the FBNs ( Carroll et al., 2009; Harris and Mrsic-Flogel, 2013;

enatton et al., 2012; Morante et al., 2020; Seghouane et al., 2019; Xie

t al., 2017 ). 

In contrast to GLM, BSS methods make no assumptions regarding the

RF and can also reveal other brain-induced sources beyond the task-

elated ones. Moreover, they can inherently model interfering artifacts,

uch as scanner-induce artifacts, uncorrected head-motion residuals, or

ther unmodeled physiological signals that may obscure the brain activ-

ty of interest. Due to all these reasons, BSS-based methods have become

he dominant tool for the analysis of resting-state fMRI (rs-fMRI) exper-

ments, where no prior external task-information is available ( Iqbal and

eghouane, 2018a; 2018b; Levin-Schwartz et al., 2017; Rui et al., 2020 ).

Despite their advantages, BSS methods share a major drawback com-

ared to GLM: when two or more task-related sources manifest them-

elves in highly overlapping brain regions, ICA (to a larger) and DL (to

 smaller extent) fail to discriminate them ( Zhang et al., 2019 ). From

 practical point of view, the presence of overlaps among FBNs can

e encountered in most of the typical experimental designs of inter-

st. More specifically, several research groups have reported that many

ask-related FBNs, such as motor, language, emotion or auditory, exhibit

onsiderable overlap with each other ( Fuster, 2009; Hermansen et al.,

007; Xu et al., 2016 ). 

In an attempt to overcome the aforementioned fundamental draw-

ack of BSS methods, researchers have developed more advanced meth-

ds ( Calhoun et al., 2005; Lu and Rajapakse, 2001; Lv et al., 2017;

orante-Moreno et al., 2017; Wang et al., 2014; Zhao et al., 2015 ) that

ncorporate external information such as task-related time courses, in a

imilar rationale as GLM, with the aid of extra constraints. Although

hese constrained approaches perform considerably better compared

o their unconstrained counterparts, most of them present two critical

rawbacks: a) they build upon the canonical HRF, which is fixed and

nevitably different from the true one, and b) they often adopt a reg-

larized formulation of a cost function, which inherits the difficulties

ssociated with the tuning of the associated set of regularization param-

ters 4 . From a practical point of view, the tuning of these parameters

s not an easy task, and it is performed following cross-validation tech-

iques; however, in real experiments, this is not possible due to the lack

f ground truth data. Therefore, the only way to fine-tune such parame-

ers is via visual inspection of the results, which is a process that requires

he subjective judgment of the user and can be susceptible to errors. 

Alternatively, researchers may opt for a less subjective procedure

o cope with the absence of ground truth. For example, within the DL

ramework —when task-related information is available —researchers

ay explicitly use GLM to fine-tune parameters. Specifically, they first

erform GLM and then use the results to find suitable candidates for

he required regularization parameters, e.g., Lv et al., 2017; Zhao et al.,

015 . Such techniques aim to overcome problems with the fine tuning

f regularization parameters that are associated with the DL methods,

y biasing the solution towards that of the GLM. However, this makes

he methods vulnerable to the same problems as GLM, e.g., Cremers

t al., 2017; Nee, 2019; Yeung, 2018 . For a related comparison see, e.g.

orante et al. (2020) . 

eyond existing DL approaches 

Recently, an alternative formulation of the DL task, referred to

s Information Assisted Dictionary Learning (IADL), was introduced
CA is more commonly used in practice than temporal-ICA ( Calhoun et al., 

001b ). 
4 This drawback is particularly remarkable when working with ICA since, un- 

ike most unconstrained ICA algorithms that are relatively free of any parameter 

ne-tuning, the constrained ICA algorithms, e.g., Calhoun et al. (2005) ; Lu and 

ajapakse (2001) ; Wang et al. (2014) , require fine-tuning of regularization pa- 

ameters, often through cross-validation. 

https://www.fil.ion.ucl.ac.uk/spm/
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/
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h  

m  
n Morante et al. (2020) . Unlike other constrained BSS variants, IADL

ffers several advances that overcome the limitations mentioned above:

irst, IADL incorporates the task-related information in a relaxed way,

llowing the imposed time course to adjust to the real subject-specific

emodynamic response. This improvement is crucial since the hemo-

ynamic response exhibits a great deal of heterogeneity among in-

ividuals, due to a wide range of factors such as vascular differ-

nces ( Huettel et al., 2009 ), partial volume imaging ( De Martino et al.,

011 ), non-linear effects ( Friston et al., 1998 ), age ( West et al., 2019 )

nd even lipid ingestion ( Noseworthy et al., 2003 ). Second, the IADL’s

ormulation builds upon a sparsity-promoting constraint that bears a

irect neurophysiological interpretation, which establishes a bridge

ith the relative size of the FBNs. In contrast to conventional DL ap-

roaches that assume that the detected signal at each voxel can be de-

cribed in terms of a small number of active sources, IADL considers

hat each source is assocaited with a relatively small number of acti-

ated voxels, which better complies with the segregated nature of the

BNs ( Morante et al., 2020 ). Thus, this particular constraint introduces

wo benefits: first, IADL is rendered free from the need to empirically

ne-tune parameter regularization and, second, information regarding

he approximate size of the areas occupied by each FBN can be eas-

ly exploited and built in the model using brain atlases as described

n Morante et al. (2020) . Unlike other DL alternatives that use GLM

esults or fully rely on the subjective judment of the user, as detailed

n Morante et al. (2020) , the IADL algorithm exploits alternative avail-

ble information to bypass these issues. Note that this approach does not

equire one to specify the actual locations of the voxels through spatial

emplates, e.g., Lv et al., 2017; Shi et al., 2018 . Instead, IADL only needs

n estimate of the number of active voxels, and, in the sequel, it finds

he optimal set of active voxels that better represent the measured fMRI

articipants’ data. 

Note that, in the literature, one can find a few alternative DL-based

ethods that pursue similar goals as IADL. One upstanding example

s the Shared and Subject-Specific Dictionary Learning (ShSSDL) algo-

ithm ( Iqbal et al., 2018 ), which is designed for anayzing task-related

xperiments and capturing variations in the hemodynamic response.

evertheless, ShSSDL incorporates sparsity column-wise, as any stan-

ard DL approach, which requires proper fine-tuning and does not al-

ow, as explained above, to formerly exploit the segregated nature of

he FBNs ( Morante et al., 2020 ). On top of that, ShSSDL is designed

or task-related experiments “where all subjects perform an exact sim-

lar task ” ( Iqbal et al., 2018 ), hence receive identical task-related time

ourses as far as task events are concerned. However, this condition is

ot met for the experiment we are analyzing in this study, as it is also

ot met for many, if not most, event-related designs. ShSSDL is not ap-

ropriate for optimally designed tasks ( Dale, 1999 ), which rely on ran-

omization of sequences and asynchronies (jitter) across participants to

aximize information. Note that IADL bypasses these limitations, ren-

ering it a suitable option for the proposed methodology. 

ummary of contributions 

In this paper, we propose a novel methodology for the analysis of

ask-fMRI data, which brings together the best of the GLM and DL ap-

roaches. In other words, the robustness and the solid statistical foun-

ation of the GLM framework is combined with the versatility, gener-

lity, and high potential of the BSS rationale. As we further explain in

he following section, the proposed methodology can be summarized

n three steps: a) define a preliminary estimate of the design matrix us-

ng any conventional approach, referred to as standard design matrix, b)

un IADL, using the task-related time courses from the standard design

atrix and any prior sparsity information, to obtain a new enhanced de-

ign matrix, and c) use the obtained design matrix from IADL within the

LM/SPM framework to infer significant activity from the data. 

The proposed methodology is tested over a challenging real task-

MRI experiment, where the results based on the new enhanced design
3 
atrix are compared with those from the conventional design matrix

nder the same conditions. To illustrate the advantages of the proposed

pproach, we qualitatively evaluate both approaches at both first- and

econd-level analysis. Furthermore, we also introduce a new software

oolbox extension for SPM called Toolbox for Enhanced Design Matrix

TEDM), which provides a graphical user interface for the new method-

logy within the SPM framework, including an integrated implementa-

ion of the IADL algorithm. 

. Material and methods 

.1. GLM overview 

fMRI data consist of a sequence of 3D images composed of small cu-

ic volumes referred to as voxels. For each voxel, a set of measurements

s available, stacked together in a vector (signal), 𝐱 𝑖 ∈ ℝ 

𝑇 , 𝑖 = 1 , 2 , … , 𝑁 ,

here 𝑁 is the total number of voxels, and 𝑇 is the number of succes-

ively acquired images over time. These vectors are often concatenated

ogether to form the data matrix, 𝐗 ∈ ℝ 

𝑇×𝑁 . 

From a mathematical point of view, GLM assumes that the measured

ignal at each voxel results from a linear combination over a predefined

et of regressors plus noise, that is, 

 𝑖 = 𝚫β𝑖 + ε𝑖 𝑖 = 1 , 2 , … , 𝑁, (1)

here, 𝚫 = [ δ1 , δ2 , … , δ𝑀 

] ∈ ℝ 

𝑇×𝑀 is the so-called design matrix , whose

olumns contain the predefined 𝑀 regressors, β𝑖 is a vector that con-

ains the unknown parameters, which represent the contribution of each

egressor to the measured signal, and ε𝑖 is the corresponding noise vec-

or associated with the 𝑖 th voxel. 

Under this formulation, and making several assumptions regarding

he type of the noise ( Poldrack et al., 2011 ), GLM finds an optimal col-

ection of parameters, β𝑖 , given a specific predefined design matrix, 𝚫,

hich contains all the hypothesized regressors, including the experi-

ental regressors associated with the task-related time courses. As we

escribed in the Introduction, these task-related time courses can be es-

imated as the convolution of the actual experimental conditions with

he canonical HRF. 

Once the parameters are obtained, statistical tests provide informa-

ion concerning the significant brain activity to determine the anatomi-

al distributions of the activated FBNs. In practice, the results from GLM

eavily rely on the appropriateness and the particular definition of the

esign matrix. It is not an exaggeration to state that one of the most no-

able challenges in task-related fMRI experiments is to create a proper

esign matrix ( Huettel et al., 2009 ). Therefore, many researchers aug-

ent the design matrix by including extra regressors to alleviate some

f the limitations associated with the design matrix beyond the hypoth-

sized task-related time courses. For example, temporal and dispersion

erivatives of the task-related time courses are frequently included as

xtra components. Although the derivatives may lack any specific inter-

retation on their own, when considered together with their correspond-

ng task-related time course, they can help to account for small shifts

etween the imposed task-related time courses and the actual brain ac-

ivation patterns ( Huettel et al., 2009; Poldrack et al., 2011 ). On the

ther hand, addition of head-motion regressors within the design ma-

rix may help reduce motion residuals and local variations induced by

he head motion. However, if the motion parameters are highly corre-

ated with the task, they may eliminate significant regions otherwise

etectable ( Poldrack et al., 2011 ). 

.2. Information assisted dictionary learning 

As described in the Introduction, the proposed methodology for en-

ancing the design matrix exploits the benefits of IADL, which was for-

ally introduced in Morante et al. (2020) . Unlike similar techniques,



M. Morante, Y. Kopsinis, C. Chatzichristos et al. NeuroImage 245 (2021) 118719 

I  

c  

s

 

t

𝐗  

w  

n  

s

 

c  [
 

d  

o  

𝐒  

s  

p  

F

 

q  

t  

m  

p  

s  

t  

δ  

m  

c  

s

‖‖  

w  

fi  

B  

a  

r  

p

 

t  

i  

t  

r  

r

 

w  

e  

i  

f

 

n  

o  

t  

h  

t  

o  

t  

t  

v  

r

c

t

a  

z  

a  

e  

t  

p  

b  

w  

o

 

v  

i  

m  

s  

o  

t  

a  

a  

c  

s  

t  

o

2

 

s  

d  

t  

2  

v  

T  

t  

s  

s

 

t  

r  

s  

e  

t  

r  

u  

p

 

f  

d  

f

 

t  

a  

a  

p  

i  

s  

t

 

p  

r  
ADL’s formulation is specifically designed for fMRI data analysis and

opes with some of the major drawbacks of conventional DL techniques,

uch as the proper selection of the regularization parameters. 

From a mathematical point of view, IADL can be described as a ma-

rix factorization of the data martix, 𝐗 , that is, 

 ≈ 𝐃𝐒 , (2)

here, following the dictionary learning jargon, 𝐃 ∈ ℝ 

𝑇×𝐾 is the dictio-

ary matrix, 𝐒 ∈ ℝ 

𝐾×𝑁 is the coefficient matrix, and 𝐾 is the number of

ources. 

Within the fMRI framework, these two matrices bear a spe-

ific interpretation. First, the columns of the dictionary matrix, 𝐃 =
𝐝 1 , 𝐝 2 , … , 𝐝 𝐾 

]
, represent the different time courses. In this way, the

ictionary plays a similar role to the design matrix in GLM. On the

ther hand, the rows ( 𝐬 𝑇 
𝑖 
, 𝑖 = 1 , 2 , … , 𝐾) of the coefficient matrix, i.e.,

 

𝑇 = [ 𝒔 1 , 𝒔 2 , … , 𝒔 𝐾 ] , correspond to the spatial maps associated with each

ource. In other words, each row of the coefficient matrix contains the

articular distribution of voxels that are activated by the underlying

BNs. 

However, in contrast to the GLM formulation in (1) , which re-

uires a predefined fixed data matrix ( Huettel et al., 2009 ), i.e., 𝚫,

he design matrix 𝐃 in (2) comes as a result of a constrained opti-

ization task. In the spirit of IADL, matrix 𝐃 is partitioned into two

arts, 𝐃 𝐶 and 𝐃 𝐹 , i.e., 𝐃 = [ 𝐃 𝐶 , 𝐃 𝐹 ] , where 𝐃 𝐶 corresponds to the con-

trained part and 𝐃 𝐹 to the free part. Let us assume, for simplicity,

hat 𝑀 is the number of task-related time courses used in GLM, i.e.,

1 , δ2 , … , δ𝑀 

. Then, 𝐃 𝐶 comprises 𝑀 columns, and the respective ele-

ents 𝐝 1 , 𝐝 2 , … , 𝐝 𝑀 

, are constrained to be similar to δ1 , δ2 , … , δ𝑀 

. Ac-

ording to IADL ( Morante et al., 2020 ), similarity is understood in the

quare Euclidean norm sense, i.e., 

𝐝 𝑖 − δ𝑖 
‖‖2 ⩽ 𝑐 𝛿 𝑖 = 1 , 2 , … , 𝑀, (3)

here 𝑐 𝛿 controls the degree of similarity, which reflects the user’s con-

dence on how accurate the predefined task-related time courses are.

y default, this parameter is estimated by measuring the deviations that

re likely to appear between the standard canonical HRF-based task-

elated time courses and the subject-specific ones, using, e.g., the model

roposed in Morante et al. (2020) . 

The deviations that IADL allows over the predefined task-related

ime courses account for small shifts and mis-modeling with no need to

ncorporate temporal or dispersion derivatives . In this way, IADL uses the

ask-related information to “assist ” the optimization task. Therefore, we

efer to these 𝑀 sources as assisted sources, since they are not forced to

emain equal to the imposed task-related ones 5 . 

On the other hand, the remaining 𝐾 − 𝑀 columns of the dictionary,

hich belong to 𝐃 𝐹 , can freely adapt to additional time courses and

xtra regressors to accommodate other potential unmodeled sources,

nterfering physiological signals, and potential scanner-induced arti-

acts ( Bianciardi et al., 2009 ). 

Apart from constraints over the dictionary, IADL —being a DL tech-

ique —imposes a particular sparsity constraint associated with the rows

f 𝐒 . Aside from its mathematical relevance in order to render the DL

ask meaningful, e.g., Theodoridis, 2020 , this sparsity-related constraint

as also a strong neurophysiological flavor; we know that each row of

he coefficient matrix, associated with a brain source, must have most

f its elements equal or close to zero, according to the segregated na-

ure of the FBNs. Note that existing DL approaches assume sparsity over

he columns of the coefficient matrix, implying that the activity at each

oxel is caused by a reduced number of sources. In contrast, the IADL
5 Note that within the IADL formulation, 𝑀 refers to the number of the task- 

elated time course. In other words, if 𝑀 in (1) includes 𝑀 

′ task-related time 

ourses and 𝑀 − 𝑀 

′ extra regressors (including, for example, derivatives or mo- 

ion regressors), then in (2) we use 𝑀 

′. 
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4 
lgorithm imposes sparsity row-wise. In other words, sparsity promotes

eros on voxels for each one of the sources. Moreover, it can assign

 different sparsity level per row/source. To this end, IADL constrains

ach spatial map to comprise a given sparsity percentage . By definition,

he sparsity percentage measures the proportion of zero values within a

articular vector. Thus, sparse sources, i.e., sources with a large num-

er of inactive voxels (zero values), have a large sparsity percentage,

hereas dense sources, that is, non-sparse sources with a large number

f active voxels, have a small sparsity percentage. 

This approach turns out to be easily tunable and offers several ad-

antages. Such an advantage is the use of external information regard-

ng the sparsity percentage of potentially involved FBNs, in the experi-

ental design under consideration, from published brain atlases, as de-

cribed in Morante et al. (2020) . Furthermore, IADL offers the flexibility

f simultaneously dealing with sparse and dense sources since, in addi-

ion to sparse sources, dense sources may appear in practice, commonly

ssociated with physiological or scanner-induced artifacts. Moreover,

s it has been demonstrated in Morante et al. (2020) , no unrealistic

ross-validation parameter tuning is required. Furthermore, as the re-

ults in Morante et al. (2020) verify, IADL poses as a strong candidate

o examine the individual variation for each participant compared to

ther potential alternatives. 

.3. Proposed methodology for enhancing the design matrix 

As we described above, GLM performance mostly depends on proper

pecification of task-related regressors. Beyond that, although one may

ecide to augment the design matrix by adding extra regressors, the op-

ions to enhance the design matrix in this way are limited ( Huettel et al.,

009 ). Here, we propose a new methodology that exploits the main ad-

antages offered by IADL to enhance the conventional GLM framework.

o this end, we introduce an alternative way to construct the design ma-

rix that has been optimized over the available data (in a least-squares

ense), complying with constraints associated with the experimental de-

ign and any prior sparsity-related information at hand. 

Overall, the proposed methodology allows: a) the replacement of

he canonical HRF-based task-related time courses with optimized task-

elated time courses that better fit the subject-specific hemodynamic re-

ponse, b) the augmentation of the original design matrix, 𝚫, including

xtra time courses from additional brain sources beyond the experimen-

al task-related ones, and c) its augmentation with regressors that rep-

esent additional interfering sources such as scanner-induced artifacts,

ncorrected head-motion residuals, cardiac artifacts or other unmodeled

hysiological signals that may obscure the brain activity of interest. 

Fig. 1 illustrates the major steps of the new proposed methodology

or the construction of the design matrix, in comparison to the stan-

ard procedure. The proposed methodology can be summarized in the

ollowing three steps: 

a). Define the task-related time courses: The first step consists in ob-

aining a reasonable estimate of the task-related time courses. For ex-

mple, this is done via the convolutional model and the canonical HRF,

s in the conventional GLM approach. Note, however, that in the pro-

osed approach, the accuracy of these estimated time courses is not crit-

cal, in the sense that they only serve as a prior information to the sub-

equent optimization, which will reveal the improved subject-specific

ask-related time courses. 

b). Build the enhanced design matrix using IADL: Run IADL using the

reviously defined task-related time courses and any extra information

egarding the sparsity of the sources. The result will be the enhanced

esign matrix 𝐃 . (Alternatively, one may use only a selected subset of

egressors from the dictionary 𝐃 , however we do not advocate this ap-

roach because of its inherent subjectivity.) 

c). Employ the enhanced design matrix within the GLM: Finally, use

he enhanced design matrix within GLM, to perform any conventional

nalysis to infer significant activation patterns. 
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Fig. 1. Schematic diagram for constructing the design matrix using the standard procedure (up) and the proposed methodology (down). In the proposed methodology 

there is no need to incorporate derivatives or extra regressors, as IADL automatically derives the set of regressors that best suits the fMRI data. 
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.4. TEDM: A new software toolbox extension for SPM 

For completeness and in order to facilitate the uptake of the pro-

osed methodology in practice, we have developed a software toolbox

xtension for SPM 

1 , referred to as Toolbox for Enhanced Design Ma-

rix (TEDM), which provides a graphical user interface for the proposed

ethodology. The toolbox is fully integrated within the SPM frame-

ork and is freely available at the TEDM repository 6 . Moreover, it au-

omatically provides a parameter set-up that facilitates the use of this

ethodology. Then, once the enhanced design matrix has been esti-

ated, TEDM automatically generates a new SPM file ready for a first-

evel analysis. 

omplexity and computational costs 

Regarding the complexity and computational costs, the proposed

ethodology only introduces an additional step to the conventional

ipeline of SPM (see Fig. 1 ). Therefore, the adoption of this methodol-

gy only adds the extra time required to run IADL. Fortunately, IADL has

o critical computational limitations, and exhibits comparable compu-

ational costs compared to any one of the DL algorithms ( Morante et al.,

020 ). 

Nonetheless, we are aware that –for some SPM’s users– the adop-

ion of this extra step may seem disruptive; the user has to separately

un IADL, and in the sequel to construct the enhanced design matrix

sing the obtained regressors, and, finally, run SPM. Consequently, to

acilitate this process, we introduced the TEDM toolbox. TEDM includes

n implementation of the IADL algorithm from ( Morante et al., 2020 ),

hich is smoothly integrated within the standard SPM’s framework, sim-

lifying the overall process and saving time for the user. 

.5. TEDM and IADL setup 

Finally, we briefly discuss the parameter setup of the IADL imple-

entation within the TEDM and its implications from a neuroscience

erspective. We should emphasize that this is possible because the opti-

ization parameters of IADL convey a physical interpretation linked to

he natural behavior of the brain ( Morante et al., 2020 ). 
6 Toolbox for Enhanced Design Matrix: https://github.com/Dmocrito/TEDM 

o  

o  

r  

5 
Number of Sources: Similar to other DL approaches, IADL is insen-

itive to the overestimation of the number of sources ( Morante et al.,

020 ). Therefore, one can safely overestimate the number of compo-

ents, which will not have any significant detrimental effect. Nonethe-

ess, the imposed number of sources should ideally represent the total

umber of components present in the fMRI data. 

Sparsity-related information and brain atlases: One of the major advan-

ages of IADL is that it allows for the exploitation of available sparsity-

elated information. Moreover, the algorithm is relatively insensitive to

he adopted sparsity level and it only requires a close enough underes-

imation that can be obtained from different brain atlases as described

n ( Morante et al., 2020 ). Note that this approach does not require one

o specify the actual locations of the voxels through coordinate or spatial

emplates, as it is required in, e.g., Lv et al., 2017; Shi et al., 2018 . 

In case no sparsity information is provided, TEDM automatically sets

he sparsity parameters that best accommodate the experimental design:

ut succinctly, TEDM sets the sparsity parameter to 85% by default for

he task-related time courses, since this value complies with the sparsity

ercentage of the primary divisions of the brain ( Morante et al., 2020 ),

hereas for the rest of the sources a gradient of values from 90% to 0%

s specified, to deal with any additional sparse and dense sources. Nev-

rtheless, IADL attains better performance if more accurate information

egarding the sparsity of the underlying FBNs is accessible. 

Similarity parameter: To control the variation between the imposed

ask-related time courses and the natural hemodynamic response of each

ndividual, IADL introduces a parameter that reflects our confidence re-

arding the imposed task-related time courses. By default, TEDM au-

omatically estimates this parameter using a similar procedure as de-

cribed in Morante et al. (2020) . If needed, the user can adjust this pa-

ameter to meet her/his particular needs. 

Manual Selection of Regressors: Execution of IADL results in a new de-

ign matrix that comprises two sets of regressors, namely, the enhanced

ask-related time courses and the regressors from additional free com-

onents. By default, TEDM assigns all obtained regressors to the new

esign matrix. However, this is optional. TEDM allows the user to “inves-

igate ” the obtained design matrix and manually select those regressors

ne might want to include in the enhanced design matrix. In this way,

ne has the freedom to choose, for example, only the enhanced task-

elated time courses and discard the rest of the regressors, or identify

https://github.com/Dmocrito/TEDM


M. Morante, Y. Kopsinis, C. Chatzichristos et al. NeuroImage 245 (2021) 118719 

a  

o  

i

 

p  

H  

u  

t  

t  

s

2

 

m  

f  

S  

h  

I

 

t  

t  

r  

t  

a  

l  

r

S

 

d  

g  

c

 

s  

1  

s  

n  

i  

s  

B  

s  

s  

t  

s  

r  

e  

a  

fi

S

 

f  

t  

T  

s  

f  

s

I

 

r  

b  

i  

i  

i

 

m  

t  

t  

a  

v  

t  

9  

t  

b  

e  

u  

i  

d  

T  

s

P

 

t  

v  

s  

s  

I  

e

t  

S  

a

P

 

u  

J  

s  

2  

c  

s

𝐽  

T  

J  

m

 

v  

P  

t  

fi  

i  

e  

a  

c  

a  

l  

l

2

 

d  
nd keep just the most significant physiological signals, such as cardiac

r movement residuals. This flexibiliaty naturally comes at the cost of

ncreased subjectivity in the analysis. 

TEDM and rs-fMRI: TEDM is designed to study task-related fMRI ex-

eriments, to exploit all the advances of the IADL algorithm has to offer.

owever, due to the BSS nature of the IADL algorithm, it can also be

sed to investigate rs-fMRI experiments where no task-related informa-

ion is available. Therefore, for rs-fMRI, the dictionary will only con-

ain free components, 𝐃 = 𝐃 𝐹 . These components may still benefit from

parse constraints. 

.6. Synthetic fMRI-like data 

To quantitatively evaluate the performance of the proposed

ethodology, we used the same realistic synthetic fMRI-like dataset

rom ( Morante et al., 2020 ). This synthetic dataset was developed using

imTB 

7 , an open Matlab toolbox for the design of fMRI-like data, which

as been widely used in many different studies, e.g., Castro et al., 2015;

qbal et al., 2018 . 

We chose this dataset because it contains some additional features

hat make it particularly suitable for this study. The most relevant is

hat it has six different synthetic subjects, each one with a unique -yet

ealistic- hemodynamic response, in line with real fMRI data. In addi-

ion, the dataset contains a realistic number of components, including

rtifacts, ( Bianciardi et al., 2009 ). Finally, some of the sources present

arge spatial overlaps. For simplicity, we summarize the main features

egarding this dataset in Section 1 of the supplementary material. 

imulation study 

For this synthetic study, we compared the performance of the intro-

uced methodology with conventional SPM and IADL. In the next para-

raphs we describe the main steps that we have followed to perform this

omparison. 

First, following the study in Morante et al. (2020) , we consider three

ources of interest, Source A, B and C, that corresponds to Sources 1,

4 and 11 respectively (see supplementary Figure S2). We chose these

ources as the task-related ones since they correspond to realistic sce-

arios that are often encountered in practice. In particular, Source A

s easy to identify since it has very low spatial overlaps with other

ources and emulates a large block-related experimental design. Sources

 and C are more challenging; both exhibit mild and large overlaps, re-

pectively, and emulate an event-related task (intervals shorter than 5

econds, see supplementary Figure S2). Regarding the differences on

he hemodyanic behavior, the synthetic dataset contains six different

ubjects whose hemodynamic response is defined by a particular -yet

ealistic- HRF. Supplementary Figure S1 illustrates the HRFs used for

ach particular subject. Finally, in contrast to the performance evalu-

tion in Morante et al. (2020) , we focused this synthetic study on the

nal group-level results among all the synthetic subjects. 

tandard SPM 

For each participant, we followed the standard workflow for a task-

MRI experiment: first, we obtain an estimate of the three task-related

ime courses using the experimental design and the canonical HRF.

hen, we used these three task-related time courses as regressors to con-

truct the standard design matrix and we performed a first level analysis

or all the subjects. Finally, we conducted a second level analysis to asses

ignificant active voxels at 𝑝 < 0 . 001 among all the synthetic subjects. 

ADL 

For this study case, since we are interested on the final group level

esults, we conducted a conventional multi-subject dataset using IADL,

y concatenating the data of the six participants among time. Regard-

ng the task-related information, we used the same regressors as used
7 See: http://mialab.mrn.org/software , ( Erhardt et al., 2012 ) 

f  

t  

h  

6 
n SPM, which were obtained using the canonical HRF, as the external

nformation for the constraints in IADL. 

Concerning the parametrization of the algorithms, K was overesti-

ated by 20% , i.e., K = 25 rather than 20 (see Section 1 of supplemen-

ary material). This is typical in realistic scenarios since it is not possible

o know the exact number of sources. All benchmark methods require

n estimate of the number of sources. Thus, the same value was pro-

ided to all the algorithms. The imposed sparsity percentages for the

ask-related sources A, B, and C (i.e., 1, 14 and 11 in Figure S2) are

5% , 94% and 90% respectively, which correspond to a slight overes-

imation compared to the true sparsity values (see Supplementary Ta-

le S1). The rest of the values were set in a broad gradient fashion as

xplained in Morante et al. (2020) (the exact sparsity perentage val-

es are reported in supplementary Table S2), and we set the similar-

ty parameter 𝑐 𝛿 = 0 . 2 , that we estimated using the algorithmic proce-

ure in Morante et al. (2020) , which is automatically integrated within

EDM. Finally, we perform a statistical analysis over the obtained group

patial maps to asses significant active voxels at 𝑝 < 0 . 001 . 

roposed methodology 

Following the proposed methodology, we construct the design ma-

rix of each participant using TEDM. As external information in the in-

olved constraints we used the same regressors as before. Similarly, we

elected a total number of 𝐾 = 25 components and we set exactly the

ame sparsity percentages for the task-related components as used for

ADL. The rest of the parameters were set as default. Then, we used the

nhanced design matrix –using all the obtained regressors from TEDM–

o perform a first level analysis for each one of the six subjects. As in

PM, we finally performed a group level analysis to asses significant

ctive voxels at 𝑝 < 0 . 001 among all the synthetic subjects. 

erformance evaluation 

To evaluate the performance of the different studied approaches, we

sed the Jaccard overlap ( 𝐽 ). The Jaccard overlap, also known as the

accard index or Jaccard coefficient, is a commonly used metric of the

imilarity between two finite sets ( Deza and Deza, 2009; Turner et al.,

018 ). Formally, given two finite sample sets, say 𝐀 and 𝐁 , the Jac-

ard overlap is defined as the ratio of the cardinalities of the forllowing

ets: 

( 𝐀 , 𝐁 ) = 

|𝐀 ∩ 𝐁 |
|𝐀 ∪ 𝐁 | . (4)

herefore, since we know the ground truth of the synthetic dataset, the

accard overlap is a good measure to quantify the overall success of each

ethod on revealing significant activity. 

For completeness, in addition to the Jaccard overlap, we further in-

estigated the performance of the different methods using a) the True

ositive Rate (TPR), which measures how sensitive is the method to de-

ect correct significant active vexels, i.e., the success of the method on

nding significant activity within the correct area, and b) the False Pos-

tive Rate (FPR), which is defined as the ratio of the number of negative

vents wrongly categorized as positive (false positive error) over the

ctual number of negative events. Note that these last two metrics are

omplementary, for example, one method may exhibit a good TPR, but

lso a large FPR, in which case, the method is not reliable. Similarly, a

ower FPR is not useful if the method does not have a good TPR, i.e., it

acks sensitivity. 

.7. Real task-related fMRI data analysis 

To study the performance that can be achieved with the enhanced

esign matrix, compared to the standard one, we used the task-related

MRI dataset from Protopapas et al. (2016) . In this section we describe

he main steps we have followed to obtain the standard and the en-

anced design matrix. For simplicity, we conducted this study within

http://mialab.mrn.org/software


M. Morante, Y. Kopsinis, C. Chatzichristos et al. NeuroImage 245 (2021) 118719 

t  

d

D

 

c  

u  

i  

t  

p  

p  

t

S

 

t  

P  

c  

t  

r  

q

 

t  

t  

n  

T  

s

E

 

t  

T  

p  

i  

F  

T  

t  

t  

p  

2  

p  

c  

i  

o  

r

 

d  

S  

l  

m  

f  

t  

l  

u  

g  

c  

i  

f  

a

 

d  

d  

t  

a  

c

Fig. 2. Mean Jaccard overlap among the ten different group realizations for the 

three studied synthetic sources of interest. 
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he framework of SPM, including the use of the TEDM to enhance the

esign matrix. 

ataset and preprocesing 

The task-related fMRI experiment in Protopapas et al. (2016) in-

ludes a total number of 44 participants (32 women) recruited from the

niversity community (age M = 29.5 y, SD = 5.8, range 19–47). Dur-

ng the scan, participants performed a lexical decision task, including

hree experimental conditions of 150 trials each, corresponding to the

resentation of words, pseudowords, and fixation. The dataset was pre-

rocessed using SPM8 1 , involving also quality check using scripts from

he ArtRepair toolbox as described in Protopapas et al. (2016) . 

tandard Design Matrix 

For each participant, we followed the typical workflow for

his kind of task-fMRI experiment, as described in detail in

rotopapas et al. (2016) . We modeled each stimulus as an event of its

orresponding type (word, pseudoword, fixation), with duration equal

o the presentation time. Then we generated the corresponding task-

elated time courses in SPM12 1 , convolving each experimental trial se-

uence with the canonical HRF. 

As detailed in Protopapas et al. (2016) , to account for small varia-

ions of the HRF, we augmented the design matrix by incorporating the

emporal and dispersion derivatives of each task-related time course. Fi-

ally, we included motion regressors to further improve decomposition.

hese steps are in line with the standard procedure of task-related fMRI

tudies ( Huettel et al., 2009 ). 

nhanced Design Matrix 

Following the proposed methodology, the design matrix of each par-

icipant was enhanced using TEDM. For this study, we prepared the

EDM set-up as follows: First, the three task-related time courses em-

loyed in the standard design matrix were used as prior-information,

n order to otbain the three assisted time courses, as explained above.

or the similarity parameter, we used the default value estimated by

EDM from the imposed task-related time courses. In addition to the

hree assisted sources, we used some extra free components to augment

he design matrix. Studies concerning the total number of components

resent in fMRI data, e.g., Beckmann and Smith, 2004; Calhoun et al.,

001; Cordes and Nandy, 2006 , have shown that the number of com-

onents varies between 20 and 40. Consequently, in this study, we in-

luded 27 extra free components to accommodate other potential brain-

nduced sources and other interfering components, amounting to a total

f 30 sources for each participant, which constitutes an adequate and

ealistic number of the total sources. 

Regarding the sparsity information of the sources, we modified the

efault parameters of TEDM to include additional external information.

pecifically, the FBNs that are theoretically expected to be involved are

anguage-related, and language-related FBNs typically exhibit a maxi-

um sparsity percentage of around 95% ( Morante et al., 2020 ). There-

ore, we set the sparsity percentage equal to 90% for the assisted sources

hat correspond to words and pseudowords, as an upper bound that al-

ows accounting for small natural variations. For the free sources we

sed the default values of TEDM, which automatically provides a smooth

radient of sparsity values ranging from 95% to 0%. This gradient ac-

ounts for several components with different sparsity percentages, rang-

ng from sparse components, such as other FBNs or some cardiac arti-

acts, and guarantees enough space for dense (non-sparse) components,

s it was explained in Section 2.2 . 

After setting the parameters, we used TEDM to obtain the enhanced

esign matrix. The result is a new SPM file that includes the enhanced

esign matrix where, by definition, the first three columns correspond

o the subject-specific task-related time courses (words, pseudowords,

nd fixation) and the remaining columns correspond to the extra free

omponents that function as additional regressors. 
7 
. Results 

.1. Performance evaluation on the synthetic dataset 

In this study, we compared the overall success of IADL, standard

PM, and the proposed methodology on revealing the activation areas

orresponding to three sources of interest (Source A, B, and C). As we

etailed in the method section, these three sources rensemble differen

ealistic scenarios that may appear in practice. Furthermore, for each

tudied method, we repeated the same analysis over ten different noise

ealization of the dataset to avoid idiosyncratic results due to a partic-

lar noise seed selection, using realistic noise levels ( Gudbjartsson and

atz, 1995; Welvaert and Rosseel, 2013 ). 

Fig. 2 visualizes the overall success of each studied method for the

hree different synthetic sources of interest. The bars in the figure depict

he mean Jaccard overlap obtained for the ten different group noise

ealizations for the three different sources of interest. 

Observe that the proposed methodology clearly exhibits better over-

ll success in revealing the activation areas of the synthetic sources,

ADL also succeeds on providing a good estimate, whereas SPM strug-

les the most. Nevertheless, the reasons behind these results are unclear;

ecall that the Jaccard overlap only provides information regarding the

verall success. To further investigate what is happening, we have to

ook at the complementary metrics that we described in the method

ection. 

Table 1 shows the results for the TPR and the FPR for the different

tudied methods. Observed that SPM exhibits the best TPR compared to

he rest of the studied approaches, i.e., it is highly sensitive. However,

e can observe that SPM presents a high FPR, making it unreliable and

educing the Jaccard overlap, as seen in Fig. 2 . On the contrary, IADL

s considerably much better at avoiding the proliferation of false posi-

ives, which in this case is zero. This behavior is a combined result of

he efficient sparsity constraint of IADL and the posterior satistical test.

owever, despite this excellent FPR, the TPR of IADL is considerably

maller than the rest of the studied alternatives. In this way, IADL is con-

iderably more reliable than SPM but lacks sensitivity. Finally, observe

hat the proposed methodology simultaneously exhibits better TPR than

ADL and a considerably smaller number of false positives compared to

PM. 
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Table 1 

Comparison of the TPR and FPR (mean ± std.) for the three synthetic studied sources among 

the ten group noise realizaions of the synthetic dataset. 

Source A Source B Source C 

TPR(%) FPR(%) TPR(%) FPR(%) TPR(%) FPR(%) 

Standard SPM 92.1 ± 0.8 20.7 ± 0.1 72.7 ± 1.3 11.4 ± 0.1 54.2 ± 1.7 13.0 ± 0.2 

Prop. Methodology 86.2 ± 0.4 0.7 ± 0.1 63.4 ± 0.4 1.0 ± 0.1 35.0 ± 0.4 1.3 ± 0.1 

IADL 47.5 ± 0.5 0.0 ± 0.0 43.9 ± 0.4 0.0 ± 0.0 32.8 ± 0.5 0.0 ± 0.0 

Fig. 3. Comparison of the enhanced task-related time courses with the conventional ones using the canonical HRF for two randomly selected participants. Each inset 

graph depicts the time courses associated with the three performed tasks: words, pseudowords, and fixation. 
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.2. Comparison of the estimated task-related time courses 

Before examining the results of GLM from the two design matrices

nder consideration, we will first study the major differences between

he enhanced task-related time courses and the conventional ones. 

nhanced task-related time courses 

The enhanced design matrix from IADL has two parts: the assisted

art that contains the task-related time courses and the free part that

ccommodates other components and residuals ( Morante et al., 2020 ).

 sample of task-related time courses of the assisted part of the dic-

ionary are displayed in Fig. 3 , which depicts the three enhanced task-

elated for two randomly selected participants, in comparison to the
8 
onventional imposed task-related time courses, which were estimated

sing the canonical HRF. More results are shown in Figure S4 within

he supplementary materials. The enhanced task-related response pre-

erve the general functional shape of the imposed ones, as expected

ue to the similarity constraint. However, they are not identical. For

xample, some dips are observed at the onset of activation. Although

onventional models, such as the two gamma distribution model, omit

his initial dip ( Friston et al., 1994 ), the existence of this early de-

xygenation stage has been consistently reported and is well studied,

.g., Kamran et al. (2018) . Other relevant differences include the vari-

tion of onset maxima and the modulation of posterior undershoots, in

ccordance with the expected natural variation of the hemodynamic re-

ponse ( Handwerker et al., 2004; Seghouane and Shah, 2013 ). 
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Fig. 4. Estimated HRFs for three randomly selected participants using the two-gamma distribution from the enhanced task-related components for each partic- 

ipant. The first column displays the functional shape of the HRF estimated for each studied task –colored lines– for three randomly selected participants, the 

gray lines correspond to the estimated HRFs for the rest of the participants. The second column shows the difference of the estimated HRFs compared with the 

canonical one. 

A

 

t  

s  

t  

b  

t  

a  

i

 

i  

e  

u  

e  

e  

g  

v  

F  

a  

t  

a

 

t  

l  

o  

t  

w  

u  

c  

m  

o

 

H  

v  

i  

t  

v  

f  

d  

t  

p

 

c  

f  

a  

e  

e  

H  
nalysis of the hemodynamic response 

According to the experimental design, each participant performed

he same lexical decision task but in an individually randomized trial

equence. As a result, each participant has a unique set of task-related

ime courses. In addition, the similarity constraint relaxes the smooth

ehavior of the imposed task-related time courses. It is thus difficult

o evaluate whether the observed differences between the conventional

nd the enhanced time courses are due to actual modulations of each

ndividual’s hemodynamic response or simply to noise residuals. 

To better illustrate whether the IADL algorithm succeeded in unveil-

ng the variation of the hemodynamic response among participants, we

stimated the effective HRF of each enhanced task-related time course

sing the two-gamma distribution model. To this end, we fit the param-

ters of the two gamma-distribution model ( Friston et al., 1994 ) for the

nhanced task-related time courses using the Levenberg-Marquardt al-

orithm as used in ( Lindquist et al., 2009 ). Similarly, we set the starting

alues for the algorithm to coincide with those of the canonical HRF.

inally, to check the reliability of this procedure, we applied the same

nalysis over the task-related components from the standard design ma-

rix, where we obtained that the canonical HRF was the optimal one for

ll the components, as expected by construction. 

Fig. 4 compares the estimated HRFs from each one of the enhanced

ask-related time courses with the canonical HRF for three randomly se-

ected participants. The first column shows the actual functional shape
9 
f the estimated HRFs after estimating the parameters (time resolu-

ion 0.1s). The colored lines represent the different estimated HRFs,

here the red one corresponds to the canonical HRF. The second col-

mn depicts the actual difference between the estimated HRFs and the

anonical one. For completeness, the gray lines correspond to the esti-

ated HRFs for the rest of the participants, included here to provide an

verview of the variation of HRF over the whole dataset. 

Note that the estimated HRFs are relatively close to the canonical

RF, however they are not identical. Crucially, the estimated HRFs are

ery similar for experimental conditions expected to elicit similar activ-

ty, that is, for words and pseudowords, compared to those estimated for

he fixation condition, which is not expected to result in a similar acti-

ation. This is important because the HRFs are estimated independently

or each experimental condition, and it confirms that HRF estimation

oes not model residual noise but, rather, represents a functional adap-

ation of the activation model to the dominant brain response of each

articipant for each experimental condition. 

In nature, the HRF usually varies among brain regions. IADL does not

apture these variations directly, however, it does account for small dif-

erences among conditions (i.e., task-related time-course components),

s reported in Morante et al., 2020; Morante-Moreno et al., 2017 . Differ-

nt FBNs are expected to dominate brain activity in response to differ-

nt experimental conditions. Therefore, the flexibility of the estimated

RFs means that they can indirectly model more accurately the HRF
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Fig. 5. Visual representation of the significant active voxels, |𝑧 | > 2 . 3 , of five common sources among all the participants from the free part of the enhanced design 

matrix. The first two columns from the left hand correspond to two brain-induced sources. The last three columns show three different interfering physiological 

sources. For simplicity, the figure only displays the results of five randomly selected participants out of the total 44 participants. 
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hat applies to the brain regions that are associated with the FBNs dom-

nating each experimental condition. Finally, focusing on the differences

etween the estimated HRFs and the canonical one, we see that these

esemble the derivatives of the HRF that are included in conventional

nalysis to accommodate this variability ( Huettel et al., 2009 ). 

.3. Additional components of the enhanced design matrix 

In addition to the task-related time courses, the enhanced design ma-

rix can accommodate additional components. As we explained above,

ADL extracts these components in a fully blind fashion allowing to un-

over additional sources hidden in the fMRI data; other brain sources as

ell as different interfering physiological signals. 

To analyze the nature of the recovered sources, we examined all the

dditional components and their corresponding parameter maps among

ll the studied participants. From a general overview, although these

dditional sources highly depend on the considered individual’s data,

e can draw some general conclusions that extend to all the studied

articipants. 

First, we observe that most of the common components are physio-

ogical residuals related to heartbeat and head movements. Regarding

he interfering cardiac signals, these sources are relatively easy to iden-

ify since their corresponding time courses are high-frequency compo-

ents. Besides, cardiac artifacts usually exhibit significant activity in dis-

inctive locations, e.g., near main blood vessels. Interestingly, although

he time courses associated with these components are unique for each

articipant, their corresponding spatial maps show consistent activation

atterns common among all of them. The reason behind this behavior

s simple: healthy individuals share similar primary anatomical struc-

ures. Therefore, cardiac artifacts that affect these specific anatomical

reas will produce similar patterns among all individuals. 
10 
Similarly, motion residuals are also present among all the partic-

pants. The time courses associated to motion residuals often show a

mooth change or present sudden peaks due to a small random move-

ent. Thus, each time course will be different for each participant. The

patial maps associated to motion residuals usually exhibit significant

ctivity around the brain’s edges. Nonetheless, unlike cardiac artifacts,

he spatial maps from these motion residuals are different for each par-

icipant since the head movement of each individual is unique. 

In addition to interfering physiological signals, we observe the pres-

nce of other brain activation patterns. The most relevant source that

ppears in all the participants is the Default Mode Network (DMN). A

loser examination of the corresponding time courses showed that they

re highly anticorrelated with the performed tasks, as expected for this

articular source. On the other hand, we also observed significant ac-

ivity within the somatosensory and auditory cortex among all the par-

icipants. Interestingly, although all the participants showed activity in

hose areas, the particular patterns and the exact location of these acti-

ation areas slightly vary among individuals. 

For simplicity, Fig. 5 depicts the spatial maps of five of these com-

on components for five randomly selected participants. In particular,

his figure shows the significant active voxels, |𝑧 | > 2 . 3 , from their cor-

esponding spatial maps after running IADL. Note that we did this extra

tep to visualize the spatial maps of the estimated additional compo-

ents. The time courses associated with these additional components

ppear in Figure S5 within the supplementary material. 

In summary, the first column from the left in Fig. 5 shows the DMN.

he second column corresponds to the somatosensory and auditory cor-

ex. In addition to these two brain-related sources, the last three columns

ontain a selection of three interfering physiological components. The

hird column shows a cardiac artifact that exhibits significant activity

ithin the 4th ventricle. Some participants also show significant activ-
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8 Conjunction maps are a common visualization tool that serves to illus- 

trate common elements or features among a specific group. Within the fMRI 

framework, conjunction maps help visualize common areas of interest or FBNs 

among a group of participants, e.g. Barch et al. (2013) . In clinical research, 

they can be also used to compare the affected areas of similar brain lesions, 

e.g., Hannanu et al. (2020) . 
ty that extends through the lateral ventricles and the straight sinus.

he fourth column shows another cardiac artifact at the base of the

rain near the brainstem. A closer inspection revealed that these areas

orrespond, indeed, to major arteries. Finally, the last column depicts a

otion residual. Interestingly, the differences between cardiac and mo-

ion residuals are also prominent when observing their corresponding

ime courses (see Figure S5). 

Finally, in addition to those common components that Fig. 5 dis-

lays, it should be pointed out that we identified more relevant sources:

or example, the attention network appears in more than half of the

articipants. Similarly, we observed significant activity within the pre-

uneus where their corresponding time courses appeared highly corre-

ated with the pseudowords in almost half of the participants. 

.4. Single-subject level analysis 

To study the effects of the new proposed methodology, we analyzed

he task-fMRI data using the previously described design matrices to

erform a first-level analysis for all participants using SPM. Similarly to

he study in Protopapas et al. (2016) , we defined three contrasts that

onvey information in accordance with the experimental task: words

s. fixation, pseudowords vs. fixation, and words vs. pseudowords. For

ach contrast, voxelwise significance was corrected for family-wise error

FWE) at 𝑝 < 0 . 05 . 
A preliminary visual examination of the three contrasts indicated

hat the two design matrices produced qualitatively similar results.

owever, closer inspection over certain regions revealed some interest-

ng differences. Thus, we focused our study on four particular regions:

a) left primary visual cortex (peak at - 17 - 91 - 11) from the contrast

ords > fixation, (b) fusiform gyrus (peak at - 42 - 52 - 20) and (c) infe-

ior/superior parietal gyrus (peak at - 27 - 58 + 46) from pseudowords

 fixation, and (d) middle temporal gyrus (peak at - 45 - 58 + 13) from

ords > pseudowords. 

The selection of these four regions was made on the basis of sev-

ral reasons: First, the expected response of the primary visual cortex

xhibits consistent activity patterns among participants. Therefore, the

eft primary visual cortex constitutes an excellent example of an area

hat is easily identifiable and consistent. Second, the activation patterns

ithin the fusiform gyrus, the inferior/superior parietal gyrus (pseu-

owords > fixation) and the middle temporal gyrus (words > pseu-

owords) have a relevant theoretical location within the left hemi-

phere ( Protopapas et al., 2016 ). Moreover, the precise corresponding

reas within these gyri are considerably harder to locate compared to

hose within the primary visual cortex. No doubt, the most challenging

egion Of Interest (ROI) is associated with the contrast words > pseu-

owords because both conditions trigger very similar FBNs, resulting in

onsiderable overlap. 

To quantitatively investigate the performance of both design matri-

es, we identified the activated clusters within the four ROIs among all

articipants, using the corrected maps from SPM as follows: First, for

ach ROI, we identified the closest cluster peak to its theoretical loca-

ion using the Euclidean distance ( Mayka et al., 2006; Thyreau et al.,

012 ). If the closest peak lay inside a sphere centered at the theoretical

eak with a 30 mm radius, then we took the whole cluster to belong

o that ROI. Otherwise, we concluded that no significant activity was

etected in that region for that particular participant. Table 2 shows the

umber of participants who exhibited significant activity within the ex-

ected theoretical locations using the standard and the enhanced design

atrix. 

After obtaining the significant clusters within each region of interest,

e analyzed the overlap consistency among participants. For this anal-

sis, we measured the Jaccard overlap of the obtained clusters between

airs of participants. Table 3 sums up the main results using both design

atrices. In particular, it shows the percentage of pairs that contain at

east one voxel that overlaps, the maximum Jaccard overlap, and the

ean Jaccard overlap among pairs of participants for each studied ROI.
11 
or completeness, Figure S6 in the supplementary material visually de-

icts the values of the Jaccard overlap for the two studied approaches. 

Finally, in order to visualize the overlap consistency among partici-

ants, we determined the conjunction maps 8 for each ROI. Fig. 6 depicts

he obtained conjunction maps, where each colored voxel represents the

umber of participants that exhibited significant activity within the spe-

ific voxel. 

eft primary visual cortex (words vs. fixation) 

All participants exhibited significant activity within the left primary

isual cortex. Specifically, we found at least one significant cluster

ithin the expected ROI for both design matrices (see Table 2 ). Both

pproaches produced similar cluster sizes. Nevertheless, the standard

ethod exhibited greater variability in the number of significant active

oxels. 

Analysis of the overlap between pairs of participants revealed that,

or both approaches, the majority of pairs overlap, as seen in Table 3 .

ith respect to the consensus between pairs of participants, the en-

anced design matrix resulted in a mean Jaccard overlap that was twice

s large as that from the standard approach, with the same variance, as

an be seen in Figure S6 in the supplementary material. 

Going beyond pairwise overlap, we found that the conjunction maps

rom the enhanced design matrix exhibited greater consensus among all

articipants than the standard approach, as shown in Fig. 6 .a, since the

esults from the enhanced approach are more compact and the obtained

lusters present larger overlaps. 

As expected, the left primary visual cortex exhibited good results for

oth designs. Nonetheless, the improved discriminative power of the

nhanced design matrix is reflected in the enhanced recovery of the

OI, with higher consistency among participants. 

usiform Gyrus (pseudowords vs. fixation) 

Turning to the fusiform gyrus, we observe that using the enhanced

esign matrix all but two participants exhibit significant activity within

he ROI. In comparison, using the standard design matrix resulted in

our participants not exhibiting significant activity within the expected

egion. Furthermore, the results from the enhanced design matrix show

ess cluster-size variability, and they appear closer to its theoretical lo-

ation on average (see Table 2 ). 

The study of the overlaps reveals that almost half of the pairs overlap

or both design matrices. As we can observe in Table 3 , there are no

ajor differences between the two design matrices. However, Fig. 6 .b

hows that the cluster of interest also contains significant activity from

he visual cortex, which might explain why the two design matrices have

roduced similar results compared to those from the left primary visual

ortex. 

In this case, we observe that the enhanced design matrix provides

ore consistent results among participants, as more participants were

etected with similar Jaccard overlap and with lower cluster-size vari-

nce. 

nferior/Superior parietal (pseudowords vs. fixation) 

Only some of the participants exhibited significant activity in the

nferior/superior parietal gyrus. However, we detected significant ac-

ivity in eight additional participants using the enhanced design matrix,

ompared to the standard one (see Table 2 ). Furthermore, the clusters

btained using the enhanced design matrix present less cluster-size vari-

bility and are closer to the theoretical location on average (see Table 2 ).
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Table 2 

Analysis of the significant clusters over all studied ROIs at the single-subject level. The table lists the number of participants that 

exhibited significant activity within the expected ROI and the corresponding percentage with respect to the total number of participants, 

in parenthesis. The table also lists the mean cluster size and the mean deviation of the maximum peak activity for each studied ROI. 

Number of participants that exhibited 

activity within the ROI Cluster size (mean ± std. in voxels) 

Maximum peak activtiy deviation (mean 

± std. in mm) 

Brain area Standard Enhanced Standard Enhanced Standard Enhanced 

Left visual cortex 44 (100%) 44 (100%) 400 ± 800 400 ± 400 6 ± 3 6 ± 3 
Fusiform Gyrus 40 (90.9%) 42 (95.5%) 300 ± 500 200 ± 300 12 ± 7 11 ± 6 
Sup./Inf. Parietal 32 (72.7%) 40 (90.9%) 80 ± 100 60 ± 80 13 ± 6 12 ± 6 
Middle Temporal 16 (36.4%) 27 (61.4%) 70 ± 80 40 ± 60 18 ± 6 16 ± 6 

Table 3 

Analysis between pairs of participants at the single-subject level. The table shows the percentage of pairs of participants 

who obtained significant cluster overlap. For completeness, it also lists the maximum and the mean Jaccard overlap among 

all the overlapped pairs of participants. 

Percentage of pairs with overlapped clusters Maximum Jaccard Ov. Mean Jaccard Ov. (mean ± std.) 

Brain area Standard Enhanced Standard Enhanced Standard Enhanced 

Left visual Cortex 91 . 3% 99 . 0% 0.62 0.53 0 . 1 ± 0 . 1 0 . 2 ± 0 . 1 
Fusiform Gyrus 46 . 8% 40 . 3% 0.47 0.50 0 . 1 ± 0 . 1 0 . 1 ± 0 . 1 
Sup./Inf. Parietal 24 . 8% 23 . 9% 0.42 0.43 0 . 09 ± 0 . 08 0 . 09 ± 0 . 08 
Middle Temporal 2 . 8% 5 . 2% 0.29 0.51 0 . 09 ± 0 . 09 0 . 1 ± 0 . 1 

Fig. 6. Conjunction maps of the obtained significant clusters among all the studied participants. The figure displays the conjunction maps for the four studied regions 

of interest: (a) left primary visual cortex, (b) fusiform gyrus, (c) inferior/superior parietal gyrus, and (d) middle temporal gyrus. Each colored voxel represents the 

number of participants that exhibited significant activity within this voxel. 

12 
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Computation of the spatial overlap revealed overlapped clusters in

nly a quarter of participant pairs (see Table 3 ). The mean Jaccard over-

ap did not differ between the two approaches, but the clusters from

he enhanced design matrix were smaller and exhibited less variability.

herefore, because more participants showed significant activity within

he region of interest, these results suggest that the clusters from the

nhanced design matrix exhibit similar or better consensus compared to

he results from the standard design matrix. 

Fig. 6 (c) shows the conjunction maps of the obtained clusters among

ll participants. Both approaches produced considerably less consensus

n this region compared to the results for the visual cortex or the fusiform

yrus. The spatial distribution of the conjunction maps was similar for

he two design matrices. However, note that the enhanced design matrix

ound significant activity within this ROI in more participants compared

o the standard design, whereas the Jaccard overlap is more or less the

ame for the two approaches. Thus, in this case, although there are no

onsiderable qualitative differences, the results shown in Table 2 suggest

hat the enhanced design matrix shows more sensitivity compared to the

tandard one. 

iddle Temporal Gyrus (words vs. pseudowords) 

Only a reduced subset of participants exhibited significant activity

ithin this ROI (see Table 2 ). However, when using the enhanced design

atrix, significant activity could be detected in more than half of the

articipants, that is, a total of 11 additional participants compared to

hose detected with the standard design matrix. Moreover, clusters from

he enhanced design matrix are slightly smaller than those from the

tandard design matrix. 

Concerning the consensus among overlapping pairs of participants,

his ROI presents the worst results compared to the other regions, as

nly a small percentage of pairs show overlap. Still, almost twice as

any pairs exhibit overlap when the enhanced design matrix is used,

ompared with the results using the standard design matrix. The mean

accard overlap from the enhanced design matrix is also slightly better

han the standard (see Table 3 ). 

The conjunction maps in Fig. 6 .d indicate that both approaches led to

onsiderably lower spatial consensus compared with the other studied

OIs. Importantly, although the conjunction maps show a cluster within

he theoretical peak of the ROI for both design matrices, the shape of

he conjunction maps is quite different. This result stands in contrast to

esults from the previous ROIs, where both approaches lead to similarly

haped conjunction maps. 

The relatively poor performance of this ROI was expected since, as

e previously mentioned, this area is particularly challenging because

he underlying task-related time courses are expected to trigger very

imilar FBNs. Therefore, it is not surprising that the weakest results are

btained for this ROI. In this context, we would like to emphasize that

he enhanced design matrix improves the results of SPM, and, also, it

ncreases the number of participants with significant activity within the

egion of interest. In this way, these results indicate that the enhanced

esign matrix has more sensitivity in detecting relevant significant ac-

ivity at the single-participant level. 

.5. Second-level analysis 

Second-level analysis is essential for inferring significant information

egarding entire groups of participants ( Bossier et al., 2020 ). Standard

rocedures usually perform statistical tests over all first-level results to

xtract common group information. However, all group analyses are

ensitive to the number of participants and to mis-modeling associated

ith potential individual variations in brain responses. 

The number of participants has a considerable effect on the

natomical location and reproducibility of fMRI results. As reported

n Turner et al. (2018) , conventional statistical analyses require

elatively large number of participants to obtain reproducible re-

ults ( Bossier et al., 2020 ). However, increasing the number of partici-
13 
ants reduces the anatomical specificity of SPM ( Thyreau et al., 2012 ),

ecause the standard error decreases as the square root of the number

f participants, and the associated significance tests will then be more

ikely to reject the null hypothesis; that is, the larger the number of par-

icipants the more extensive the areas that are detected as “activated ”. 

On the other hand, another relevant factor that affects group analysis

s the potential differences among participants and the natural variabil-

ty of the underlying brain activation patterns among individuals. Al-

hough participants that perform the same task are expected to produce

he same activation patterns, the truth is that there is variation among

ndividuals. Little attention has been paid to the causes of this variability

n the patterns of brain activity, although many researchers using neu-

oimaging techniques acknowledge that this is an issue ( Miller et al.,

009 ). 

Similarly, the oversimplification of hemodynamic responses by con-

entional HRF-based models neglects the natural heterogeneity of neu-

onal activity, which may considerably limit the reproducibility and

pecificity of group results ( Poldrack et al., 2011; Xu et al., 2016 ). Thus,

t should be emphasized that the quality of first-level analysis will affect

he performance of any follow-up group analysis. Failing to provide a

uitable estimate of the design matrix and unmodeled subject-dependent

omponents, potentially introduces detrimental effects that may com-

romise subsequent group analyses. 

roup size analysis 

In order to evaluate the impact of the number of participants on

he detected cluster size, we performed a second-level analysis over the

hree studied contrasts (words vs. fixation, pseudowords vs. fixation, and

ords vs. pseudowords) using both design matrices. We then studied the

ffects of group size on the activated areas within the four ROIs that we

efined in the first-level analysis. 

For this study, we defined five group sizes, namely 20, 25, 30, 35,

nd 40. As the full dataset contains only 44 participants, to avoid non-

eneralizable findings due to idiosyncratic participant selection, we ex-

mined ten different randomly selected combinations of participants for

ach group size, thus creating a total of 50 different groups. For each

roup, a standard t -test for each contrast of interest was performed. Us-

ng the obtained maps from each contrast, we identified the significant

ctive voxels at 𝑝 < 0 . 001 (uncorrected), and we examined the clusters

btained within the four studied ROIs of interest, following the same

rocedure as described in the first-level analysis. 

Fig. 7 shows the number of significant voxels found for each stud-

ed ROIs, as a function of group size. The square dots joined by a line

isplay mean cluster size. In general, we observe that clusters using the

tandard design matrix are considerably larger and present higher vari-

bility in cluster size among the different subgroups of participants. On

he contrary, the enhanced design matrix produces smaller clusters with

onsiderably more consistent cluster size across groups. In this way, the

articular selection of participants produces more substantial variations

nder the standard approach than when using the enhanced design ma-

rix. 

Apart from this general observation, the results show some further

ifferences: First, in Fig. 7 (c), one can observe that the cluster size in

he enhanced design matrix suddenly jumps from less than 100 to more

han 500 significant active voxels, for the study of groups with 30 par-

icipants. A closer inspection of this contrast revealed that the reason

ehind this sudden growth is that the ROIs (b) and (c) (which belong

o the same contrast) tend to merge to a single cluster. In this way,

or small groups, the enhanced design matrix separates the two clus-

ers, whereas for larger groups the two clusters merge. Interestingly,

ig. 7 (b) does not show substantial variation; this is because cluster (b)

s considerably larger than cluster (c) and it is therefore less affected by

he merging with the smaller cluster. 

On the other hand, the standard design matrix does not exhibit any

imilar anomaly because it already presents merged clusters, even for

mall groups. This merging also explains why cluster size behaves con-
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Fig. 7. Number of significant active voxels at 𝑝 < 0 . 001 (uncorrected) for the different group sizes. The point-lines represent the mean value obtained between the 

groups with the same size. 
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9 https://neurosynth.org/analyses/terms/words/ 
10 https://neurosynth.org/analyses/terms/pseudowords/ 
istently for large groups in both Fig. 7 (b), and Fig. 7 (c). For complete-

ess, Figure S7 in the supplementary material depicts the evolution of

luster size for this contrast considering the regions (b) and (c) together.

otably, this behavior was not observed in the first-level analysis, where

oth design matrices consistently separated these two clusters. 

Although the differences between the two studied approaches can be

een at a glance, it is not evident whether the observed variations occur

ue to the enhanced design matrix performance or to a reduction in

he sensitivity. Similarly, the slower apparent growth rate of cluster size

ith increasing group size for the enhanced design matrix can be due to

 reduced sensitivity to group size, or it can be due to smaller clusters

roduced by this approach. The large difference in cluster size between

oth approaches prevents reaching a definite conclusion. Therefore, to

hed light on the issue, we studied the relative growth of the results.

ig. 8 shows the evolution of the proportion of significant active voxels

s a ratio over the cluster size for the group with 𝑁 = 40 , effectively

quating the relative cluster size (equal to 1) for the two approaches. 

Using this normalization, Fig. 8 shows that the relative growth of

luster size is similar for the two approaches. Therefore, these results

uggest that the large differences in the size of the clusters in Fig. 7 is due

o the fact that the enhanced design matrix naturally produces smaller

lusters. Interestingly, this consistency and the relatively reduced cluster

ize indicate that the enhanced design matrix exhibits better specificity

han the standard approach. In contrast, we also observe that the stan-

ard design matrix is profoundly affected by the number of participants

nd the stringent limitation of the fixed HRF-model. 

ull second-level analysis 

To evaluate the anatomical reliability as well as the main differences

etween the two studied approaches, we completed our study by per-

orming a second-level analysis using all 44 participants for each con-

rast. Fig. 9 shows the obtained significant activated voxels at 𝑝 < 0 . 05
14 
FWE corrected) for the three studied contrasts. The left part of the figure

hows the results obtained using the standard design matrix, whereas

he right part corresponds to the results using the proposed methodol-

gy. The white circles mark the location of the four ROIs: (a) left visual

ortex, (b) fusiform gyrus, (c) inferior/superior parietal gyrus, and (d)

iddle temporal gyrus. For completeness, Table S3 and Table S4 within

he supplementary material list all obtained clusters for both design ma-

rices respectively. Finally, to analyze the anatomical reliability of those

etected areas, Fig. 10 compares the obtained significant active voxels

ith anatomical templates for words 9 and pseudowords 10 accordingly. 

Overall, both approaches succeed in revealing significant activity

ithin the expected ROIs. Nevertheless, we can observe some general

ifferences: First, similarly to the results from the analysis of the effects

f group size, we can qualitatively confirm that the enhanced design

atrix produces more concentrated clusters within the ROIs than those

btained using the standard design matrix. For example, in the contrast

ords vs. fixation, clusters from the enhanced design matrix appear con-

entrated within the visual cortex. In contrast, results from the standard

esign matrix show activity beyond the secondary visual cortex, even in

he posterior parietal area. 

Beyond this general observation, a closer inspection reveals some

urther differences. The most interesting appears within the contrast

ords vs. pseudowords. Note that, although both design matrices pro-

uced significant activity within (d), the standard design matrix pro-

uces an additional significant activation cluster (peak at -54 -48 37)

ithin the inferior parietal lobe that extends towards the supramarginal

yrus, whereas the enhanced design matrix does not show any peak of

ctivity near this location. This observation also contrasts with the re-

https://neurosynth.org/analyses/terms/words/
https://neurosynth.org/analyses/terms/pseudowords/
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Fig. 8. Proportion of significant active voxels at 𝑝 < 0 . 001 (uncorrected) for the different group sizes. The point-lines represent mean values obtained between groups 

with the same size. 
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ults of the conjunction maps in Fig. 6 at the single-subject level, where

one of the design matrices showed consistent activity near this area. 

One can imagine that this area could have appeared in the first-

evel analysis but it was squashed because the applied correction was

oo strict. However, this is not the case: Closer inspection of this con-

rast and the parametric maps of words and pseudowords at different

ignificance thresholds suggests that this area appears spuriously due

o negative correlations and some residuals among participants, poten-

ially introduced by mis-modeling. Therefore, although this area appears

ignificantly “activated ” at the second-level analysis using the standard

esign matrix, it does not play any significant role in the contrast words

 pseudowords at the single-subject level. In contrast, the enhanced de-

ign matrix does not exhibit this erratic pattern, as the results from the

econd-level analysis consistently overlap with the results from the con-

unction maps. Moreover, when comparing these results with the spatial

emplates in Fig. 10 , we confirm that our methodology succeeds in re-

ealing the activation patterns that agree with previous related studies.

n this respect, the standard approach clearly fails (see dashed line cir-

le in Fig. 10 ), revealing a solid activation cluster that does not match

he Neurosynth template but, rather, appears —as examined in detail

bove —to correspond to a false positive due to unmodelled residuals. 

Another difference between analyses with the standard vs. the en-

anced design matrix appears within the contrast of pseudowords >

xation. In particular, the enhanced design matrix produced signifi-

ant activity within the middle temporal gyrus (peak at -57 -28 +1),

hich is not present in the results of the standard design matrix (see

ig. 9 and Table S3). However, unlike the previous area within the

upramarginal gyrus, a closer inspection of the results at the first-level

nalysis revealed significant activity within this particular contrast in

ost of the studied participants. Figure S8 in the supplementary mate-

ial shows the conjunction maps for this new ROI for both studied ap-

roaches. Thus, in contrast to the previously discussed region, this area

lays a functional role within this contrast and provides valuable infor-
 h  

15 
ation ( Protopapas et al., 2016 ). Furthermore, when comparing this ad-

itional active area with the spatial templates in Fig. 10 , we observe that

his cluster agrees with the activation observed in other word-related

tudies. Hence, this additional cluster that was only detected using the

nhanced design matrix likely plays a role in this contrast. 

Therefore, in agreement with the results of the conjunction maps

nd the comparison with the spatial templates, this area should have

ppeared in the second-level results for both design matrices. However,

t seems to have been hidden by the statistical corrections in the case of

he standard design matrix, as it is evidenced in the examination of the

econd-level results without correction (see Figure S9 in supplementary

aterial). In particular, both design matrices produce significant activ-

ty within this area in the uncorrected statistical maps. These results

how that the enhanced design matrix has more anatomical reliability

nd improved sensitivity compared to the standard design. 

. Discussion 

After performing a detailed comparison within the GLM framework,

e observe that the proposed methodology results in a participant-

pecific design matrix that represents both task-related sources of ac-

ivation as well as additional interfering components, and it attains a

loser-fitting basis for statistical modeling within the usual GLM frame-

ork. 

The comparison of the enhanced task-related components with the

onventional task-related time courses already indicates that the algo-

ithm introduces some relevant differences. In particular, when study-

ng the retrieved hemodynamic responses (see Fig. 4 ), we confirm that

he algorithm can cope with individual differences in the hemodynamic

esponses, in agreement with previous results and the construction of

ADL formulation ( Morante et al., 2020; Morante-Moreno et al., 2017 ).

onetheless, recall that we estimated the HRFs in Fig. 4 from the en-

anced task-related time courses; IADL does not implement any particu-
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Fig. 9. Visual representation of the T-maps from the second-level analysis for 

the three studied contrasts. All maps show voxels with significant activation at 

𝑝 < 0 . 05 (FWE corrected). Results using the standard design matrix are displayed 

on the left side, and results using the enhanced design matrix are on the right 

side. White circles mark the location of the four ROIs: (a) left visual cortex, 

(b) fusiform gyrus, (c) inferior/superior parietal gyrus, and (c) middle temporal 

gyrus. 
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Fig. 10. Visual comparison of the detected significant active voxels 

from Fig. 9 with the spatial templates from Neurosynth for the terms words and 

pseudowords , for the three main studied contrasts. 
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ar model. The actual estimated responses are beyond the convolutional

odel and allow for more flexibility than the conventional approach. 

At the first level analysis, our test case demonstrated that the new

ethod results in significant task-related activation detected in more

articipants within the expected ROIs compared to the standard design

atrix. In addition, the detected activation from the enhanced design
16 
atrix is less spatially extended among participants. In other words,

he new methodology produces activation clusters for a larger number

f participants that are simultaneously more precise and more anatom-

cally reliable. 

Similarly, the group analysis demonstrated that the enhanced dis-

riminative power of the proposed methodology goes beyond a mere

ugmentation –in a conventional sense– of the design matrix or a change

n the significance threshold ( Huettel et al., 2009; Poldrack et al., 2011 ).
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n the contrary, we observed that the enhanced methodology provides

ore spatially reliable clusters with a relatively smaller size, and helps

ecover significant active areas that cannot be seen using conventional

pproaches. Furthermore, the group analysis with the synthetic data re-

ealed a similar behavior; the proposed methodology exhibits more reli-

ble results compared to SPM, with a substantial reduction of the prolif-

ration of false positives. Finally, the comparison of the obtained results

ith spatial templates from other related studies (i.e., using the same

erms and therefore targeting similar brain areas) confirms our findings

y demonstrating that the proposed methodology is more anatomically

eliable and more sensitive in detecting significant activity of interest

ompared to the standard procedure. 

.1. Appraisal of the proposed methodology 

In the analysis of task-related fMRI experiments the user is primarily

nterested in BOLD-signal variations that are associated with the exper-

mental time courses, free from interferring physiological signals and

rtifacts to the largest possible extent ( Dagli et al., 1999; Fair et al.,

009; Huettel et al., 2009 ). Traditional GLM-based analysis relies en-

irely on preprocessing and on the augmentation of the design matrix to

emove those artifacts as well as to account for subject-specific variation

n the hemodynamic response ( Poldrack et al., 2011 ). However, failing

o provide an adequate estimate of these regressors may result in maps

hat do not correspond with the correct distribution of active FBNs. 

The proposed methodology offers a novel approach for the construc-

ion of the design matrix, along with the familiarity associated with the

ong-established SPM framework. Thus, it permits modeling flexibility

round the hemodynamic response, which is assumed to be fixed in tra-

itional analysis, potentially allowing improved model fit and recovery

f otherwise undetectable activation patterns. On the other hand, unlike

he more traditional analysis –including standard DL methods– that can-

ot capitalize on sparse spatial information across voxels to identify the

ctivation patterns that might signify actual FBNs, the proposed method-

logy uses the sparse spatial information to identify the voxels that bet-

er accommodate the activated areas associated with each source. In

ddition, by enforcing a sparsity-promoting constraint, the new method

uards, to a sufficient extent, against the uncontrollable proliferation of

ignificantly activated voxels as the sample size increases or as a func-

ion of natural SNR variation across brain regions ( Thyreau et al., 2012 ).

Importantly, the reduction in cluster size achieved by the proposed

ethodology is not associated with an increased miss rate. We are not

roposing a “stricter ” method, which might produce fewer but some-

ow more trustworthy clusters. Instead, as the experimental findings at

he second-level indicate, we are proposing a method that, based on our

nderstanding of the brain functioning, is more stringent in terms of

patial extent without being less sensitive in terms of detecting signif-

cant task-relevant sources, as it is evidenced by the comparison with

eurosynth templates related to similar studies (see Fig. 10 ). This per-

its the identification of the most relevant regions of the experimental

ask without worrying about significance spillover as standard errors are

educed in studies with increasingly larger samples. The importance of

his development is seen more clearly once we take into account the cur-

ent tendency to increase the sample size in fMRI research, in response

o longstanding criticism regarding low power and a concomitant lack

f reliability or replicability ( Cremers et al., 2017; Desmond and Glover,

002; Nee, 2019; Yeung, 2018 ). 

On the other hand, a critical assumption regarding group analyses

f fMRI data concerns localization. For a group analysis to be inter-

retable, it must be the case that, following spatial normalization, in-

ividuals’ brains exhibit nearly identical patterns of spatial localization

f activation patterns. This assumption is known to hold only very ap-

roximately, if at all. Spatial smoothing is commonly applied to man-

ge minor discrepancies, while functional localizers are occasionally

mployed when larger discrepancies are expected (see Chapters 1–4

n ( Hanson and Bunzl, 2010 ). The extent of actual co-localization across
17 
articipants is rarely examined, perhaps in part because reliable de-

ection of FBNs is difficult on individual brains, due to low SNR, and

erhaps because interpretable group results may seem reassuring with

espect to the critical assumption. However, when directly examined,

arge task-related individual variability has been found (e.g., Miller et al.

2009, 2002) ). 

In this context, a method that can reliably detect activation pat-

erns in individual brains and thereby help evaluate the colocalization

ssumption attains primary importance. Our proposed method consti-

utes a clear improvement on this front, as use of the enhanced design

atrix was demonstrated to lead to the detection of reliable activation

n more participants than the standard design matrix. Moreover, and

erhaps more important, the proposed method produces higher spatial

oncordance among individual-participant activation maps than the tra-

itional approach. It thereby seems to fulfill the critical colocalization

ssumption to a larger degree – or at least for a greater proportion of

articipants. 

Due to the nature of the IADL-recovered sources, taking into account

ot only variations in the hemodynamic response but also the spatial

ocation of the active voxels of each FBN, we can be more confident

hat the sources correspond to actual and reliable task-relevant FBNs.

n conjunction with the increased sensitivity, this means that our pro-

osed methodology can provide the much-needed foundation for a sys-

ematic exploration of individual variability in localization across tasks,

ontexts, and populations ( Dubois and Adolphs, 2016 ). 

. Conclusions 

In this paper, we proposed a new methodology for constructing the

esign matrix within the GLM framework. The proposed methodology

uccessfully exploits the main advantages of the IADL algorithm, re-

ulting in an enhanced design matrix, which combined together with

he conventional GLM framework optimally explains the individual’s

MRI data. In particular, the proposed methodology allows the users to

ope with the natural variations of the hemodynamic response among

articipants and to augment the design matrix with additional subject-

ependent components, such as other brain sources beyond the task-

elated ones, and other interfering components. The performance eval-

ation over a realistic synthetic dataset showed that the proposed

ethodology exhibits (a) better overall performance than using IADL

lone, and (b) a substantial reduction of false positives compared to the

tandard SPM. 

The re-analysis of data from a challenging fMRI experiment revealed

hat the enhanced design matrix (a) copes with the variation of the

emodynamic response among participants, (b) exhibits improved sen-

itivity in detecting the significant activity of interest, and (c) unveils

ther brain sources and artifacts present within the fMRI data. Further-

ore, a detailed analysis of the different studied ROIs showed that the

nhanced design matrix is more anatomically reliable compared to the

tandard approach. We hope that further scrutiny and wide adoption of

he proposed methodology —facilitated by the availability of the TEDM

oolbox for SPM — can contribute to improvements in the sensitivity and

eliability of fMRI results across the research community. 

ata and Code Availability Statement 

Data availability: The data analyzed during the current study are

ot publicly available due to the privacy policies enforced during the

erformance of the fMRI experiment, but they are available from the

orresponding author on reasonable request. 

Code availability: All the code used in this study is publicly avail-

ble. To this aim, the authors developed and used a software toolbox

xtension for SPM, referred to as Toolbox for Enhanced Design Ma-

rix (TEDM), which is freely available in the TEDM GitHub repository:

ttps://github.com/ Dmocrito/TEDM. 



M. Morante, Y. Kopsinis, C. Chatzichristos et al. NeuroImage 245 (2021) 118719 

C

 

m  

e

r

r  

i

r

A

 

e  

a

S

 

t

R

A  

B  

 

 

 

B  

B  

 

 

B  

 

 

 

 

B  

C  

 

C  

 

C  

 

C  

C  

 

C  

 

C  

 

C  

C  

D  

D  

D  

 

 

D  

 

D

D  

E  

 

F  

 

F  

 

F  

F  

G  

 

G  

H  

 

H  

 

H

H  

H  

 

H  

I  

 

I  

I  

 

J  

 

K  

K  

 

L  

 

L  

 

 

L  

 

L  

 

L  

L  

 

M  

 

M  

 

M  

 

 

M  

M  

 

M  

 

 

N  
redit authorship contribution statement 

Manuel Morante: Conceptualization, Methodology, Software, For-

al analysis, Writing – original draft, Visualization, Writing – review &

diting. Yannis Kopsinis: Conceptualization, Methodology, Writing –

eview & editing. Christos Chatzichristos: Formal analysis, Writing –

eview & editing. Athanassios Protopapas: Resources, Writing – orig-

nal draft, Writing – review & editing. Sergios Theodoridis: Writing –

eview & editing, Methodology, Supervision. 

cknowledgments 

This research has been funded by the European Union ’s Sev-

nth Framework Programme (H2020-MSCA-ITN-2014) under the grant

greement No. 642685 MacSeNet. 

upplementary material 

Supplementary material associated with this article can be found, in

he online version, at 10.1016/j.neuroimage.2021.118719 

eferences 

slak, U. , Nielsen, S.F.V. , Mørup, M. , Lehmann, S. , 2019. Temporally intermittent com-

munities in brain fMRIcorrelation networks. Applied Network Science 4 (1), 65 . 

arch, D.M. , Burgess, G.C. , Harms, M.P. , Petersen, S.E. , Schlaggar, B.L. , Corbetta, M. ,

Glasser, M.F. , Curtiss, S. , Dixit, S. , Feldt, C. , Nolan, D. , Bryant, E. , Hartley, T. ,

Footer, O. , Bjork, J.M. , Poldrack, R. , Smith, S. , Johansen-Berg, H. , Snyder, A.Z. , Van

Essen, D.C. , 2013. Function in the human connectome: task-fMRI and individual dif-

ferences in behavior. Neuroimage 80, 169–189 . 

eckmann, C.F. , Smith, S.M. , 2004. Probabilistic independent component analysis for

functional magnetic resonance imaging. IEEE Trans Med Imaging 23 (2), 137–152 . 

ianciardi, M. , Fukunaga, M. , van Gelderen, P. , Horovitz, S.G. , de Zwart, J.A. , Shmueli, K. ,

Duyn, J.H. , 2009. Sources of functional magnetic resonance imaging signal fluctua-

tions in the human brain at rest: a 7 t study. Magn Reson Imaging 27 (8), 1019–1029 .

ossier, H. , Roels, S.P. , Seurinck, R. , Banaschewski, T. , Barker, G.J. , Bokde, A.L.W. , Quin-

lan, E.B. , Desrivires, S. , Flor, H. , Grigis, A. , Garavan, H. , Gowland, P. , Heinz, A. , It-

termann, B. , Martinot, J.-L. , Artiges, E. , Nees, F. , Orfanos, D.P. , Poustka, L. , Frhner

Dipl-Psych, J.H. , Smolka, M.N. , Walter, H. , Whelan, R. , Schumann, G. , Moerkerke, B. ,

2020. The empirical replicability of task-based fMRI as a function of sample size.

Neuroimage 212, 116601 . 

oynton, G.M. , Engel, S.A. , Glover, G.H. , Heeger, D.J. , 1996. Linear systems analysis of

functional magnetic resonance imaging in human. J. Neurosci. 16 (13), 4207–4221 . 

alhoun, V.D. , Adal ı , T. , Pearlson, G.D. , Pekar, J.J. , 2001. A method for making group

inferences from functional MRI data using independent component analysis. Hum

Brain Mapp 14 (3), 140–151 . 

alhoun, V.D. , Adal ı , T. , Pearlson, G.D. , Pekar, J.J. , 2001. Spatial and temporal inde-

pendent component analysis of functional MRI data containing a pair of task-related

waveforms. Hum Brain Mapp 13 (1), 43–53 . 

alhoun, V.D. , Adal ı , T. , Stevens, M.C. , Kiehl, K.A. , Pekar, J.J. , 2005. Semi-blind ICA of

fmri: a method for utilizing hypothesis-derived time courses in a spatial ICA analysis.

Neuroimage 25 (2), 527–538 . 

arroll, M.K. , Cecchi, G.A. , Rish, I. , Garg, R. , Rao, A.R. , 2009. Prediction and interpretation

of distributed neural activity with sparse models. Neuroimage 44 (1), 112–122 . 

astro, E. , Hjelm, D. , Plis, S. , Dinh, L. , Turner, J. , Calhoun, V.D. , 2015. Deep independence

network analysis of structural brain imaging: a simulation study. In: Machine Learning

for Signal Processing (MLSP), 2015 IEEE 25th International Workshop on, pp. 1–6 . 

astro, E. , Hjelm, R.D. , Plis, S.M. , Dinh, L. , Turner, J.A. , Calhoun, V.D. , 2016. Deep inde-

pendence network analysis of structural brain imaging: application to schizophrenia.

IEEE Trans Med Imaging 35 (7), 1729–1740 . 

hatzichristos, C. , Morante, M. , Andreadis, N. , Kofidis, E. , Kopsinis, Y. , Theodoridis, S. ,

2020. Emojis influence autobiographical memory retrieval from reading words: an

fMRI-based study. PLoS ONE 15 (7), e0234104 . 

ordes, D. , Nandy, R.R. , 2006. Estimation of the intrinsic dimensionality of fMRIdata.

Neuroimage 29 (1), 145–154 . 

remers, H.R. , Wager, T.D. , Yarkoni, T. , 2017. The relation between statistical power and

inference in fMRI. PLoS ONE 12 (11), e0184923 . 

agli, M.S. , Ingeholm, J.E. , Haxby, J.V. , 1999. Localization of cardiac-induced signal

change in fMRI. Neuroimage 9 (4), 407–415 . 

ale, A.M. , 1999. Optimal experimental design for event-related fMRI. Hum Brain Mapp

8 (2), 109–114 . 

e Martino, F. , Esposito, F. , van de Moortele, P.-F. , Harel, N. , Formisano, E. , Goebel, R. ,

Ugurbil, K. , Yacoub, E. , 2011. Whole brain high-resolution functional imaging at ultra

high magnetic fields: an application to the analysis of resting state networks. Neuroim-

age 57 (3), 1031–1044 . 

esmond, J.E. , Glover, G.H. , 2002. Estimating sample size in functional MRI (fMRI) neu-

roimaging studies: statistical power analyses. J. Neurosci. Methods 118 (2), 115–128 .

eza, M.M. , Deza, E. , 2009. Encyclopedia of distances. Springer Berlin Heidelberg . 

ubois, J. , Adolphs, R. , 2016. Building a science of individual differences from fmri.

Trends Cogn. Sci. (Regul. Ed.) 20 (6), 425–443 . 
18 
rhardt, E.B. , Allen, E.A. , Wei, Y. , Eichele, T. , Calhoun, V.D. , 2012. SimTB, a simulation

toolbox for fMRI data under a model of spatiotemporal separability. Neuroimage 59,

4160–4167 . 

air, D.A. , Cohen, A.L. , Power, J.D. , Dosenbach, N.U.F. , Church, J.A. , Miezin, F.M. , Schlag-

gar, B.L. , Petersen, S.E. , 2009. Functional brain networks develop from a “local to

distributed ” organization. PLoS Comput. Biol. 5 (5), e1000381 . 

riston, K.J. , Holmes, A.P. , Worsley, K.J. , Poline, J.-P. , Frith, C.D. , Frackowiak, R.S.J. ,

1994. Statistical parametric maps in functional imaging: ageneral linear approach.

Hum Brain Mapp 2 (4), 189–210 . 

riston, K.J. , Josephs, O. , Rees, G. , Turner, R. , 1998. Nonlinear event-related responses in

fMRI. Magn Reson Med 39 (1), 41–52 . 

uster, J.M. , 2009. Cortex and memory: emergence of a new paradigm. J Cogn Neurosci

21 (11), 2047–2072 . 

rady, C.L. , Rieck, J.R. , Nichol, D. , Rodrigue, K.M. , Kennedy, K.M. , 2021. Influence of

sample size and analytic approach on stability and interpretation of brain-behavior

correlations in task-related fmri data. Hum Brain Mapp 42 (1), 204–219 . 

udbjartsson, H. , Patz, S. , 1995. The rician distribution of noisy mri data. Magn Reson

Med 34 (6), 910–914 . 

andwerker, D.A. , Ollinger, J.M. , D’Esposito, M. , 2004. Variation of BOLD hemodynamic

responses across subjects and brain regions and their effects on statistical analyses.

Neuroimage 21 (4), 1639–1651 . 

annanu, F.F. , Goundous, I. , Detante, O. , Naegele, B. , Jaillard, A. , 2020. Spatiotempo-

ral patterns of sensorimotor fMRIactivity influence hand motor recovery in subacute

stroke: a longitudinal task-related fmri study. Cortex 129, 80–98 . 

anson, S.J. , Bunzl, M. , 2010. Foundational Issues in Human Brain Mapping. MIT Press . 

arris, K.D. , Mrsic-Flogel, T.D. , 2013. Cortical connectivity and sensory coding. Nature

503 (7474), 51–58 . 

ermansen, T.D. , Ventegodt, S. , Kandel, I. , 2007. Human development XI: the structure

of the cerebral cortex. are there really modules in the brain? The Scientific World

Journal 7, 1922–1929 . 

uettel, S.A. , Song, A.W. , McCarthy, G. , 2009. Functional magnetic resonance imaging,

Vol. 1, 2nd Sinauer Associates Sunderland, MA . 

qbal, A. , Seghouane, A.-K. , 2018. An algorithm for multi subject fmri analysis based on

the SVD and penalized rank-1 matrix approximation. In: 2018 IEEE International Con-

ference on Acoustics, Speech and Signal Processing (ICASSP), pp. 2721–2725 . 

qbal, A. , Seghouane, A.-K. , 2018. A dictionary learning algorithm for multi-subject fMRI

analysis based on a hybrid concatenation scheme. Digit Signal Process 83, 249–260 . 

qbal, A. , Seghouane, A.-K. , Adalí, T. , 2018. Shared and subject-specific dictionary learning

(ShSSDL) algorithm for multisubject fmri data analysis. IEEE Trans. Biomed. Eng. 65

(11), 2519–2528 . 

enatton, R. , Gramfort, A. , Michel, V. , Obozinski, G. , Eger, E. , Bach, F. , Thirion, B. , 2012.

Multiscale mining of fmri data with hierarchical structured sparsity. SIAM J Imaging

Sci 5 (3), 835–856 . 

amran, M.A. , Naeem Mannan, M.M. , Jeong, M.-Y. , 2018. Initial-dip existence and esti-

mation in relation to DPF and data drift. Front Neuroinform 12 . 

rohne, L.G. , Wang, Y. , Hinrich, J.L. , Mørup, M. , Chan, R.C.K. , Madsen, K.H. , 2019. Classi-

fication of social anhedonia using temporal and spatial network features from a social

cognition fmri task. Hum Brain Mapp 40 (17), 4965–4981 . 

ebreton, M. , Bavard, S. , Daunizeau, J. , Palminteri, S. , 2019. Assessing inter-individual dif-

ferences with task-related functional neuroimaging. Nat. Hum. Behav. 3 (9), 897–905 .

evin, J.M. , Frederick, B.d. , Ross, M.H. , Fox, J.F. , von Rosenberg, H.L. , Kaufman, M.J. ,

Lange, N. , Mendelson, J.H. , Cohen, B.M. , Renshaw, P.F. , 2001. Influence of baseline

hematocrit and hemodilution on BOLD fMRI activation. Magn Reson Imaging 19 (8),

1055–1062 . 

evin-Schwartz, Y. , Calhoun, V.D. , Adal ı , T. , 2017. Quantifying the interaction and con-

tribution of multiple datasets in fusion: application to the detection of schizophrenia.

IEEE Trans Med Imaging 36 (7), 1385–1395 . 

indquist, M.A. , Meng Loh, J. , Atlas, L.Y. , Wager, T.D. , 2009. Modeling the hemodynamic

response function in fMRI: efficiency, bias and mis-modeling. Neuroimage 45 (1),

S187–S198 . 

u, W. , Rajapakse, J.C. , 2001. Constrained independent component analysis. In: Advances

in Neural Information Processing Systems, pp. 570–576 . 

v, J. , Lin, B. , Li, Q. , Zhang, W. , Zhao, Y. , Jiang, X. , Guo, L. , Han, J. , Hu, X. , Guo, C. ,

Ye, J. , Liu, T. , 2017. Task fmri data analysis based on supervised stochastic coordinate

coding. Med Image Anal 38, 1–16 . 

ayka, M.A. , Corcos, D.M. , Leurgans, S.E. , Vaillancourt, D.E. , 2006. Three-dimensional

locations and boundaries of motor and premotor cortices as defined by functional

brain imaging: ameta-analysis. Neuroimage 31 (4), 1453–1474 . 

iller, M.B. , Donovan, C.-L. , Van Horn, J.D. , German, E. , Sokol-Hessner, P. , Wolford, G.L. ,

2009. Unique and persistent individual patterns of brain activity across different mem-

ory retrieval tasks. Neuroimage 48 (3), 625–635 . 

iller, M.B. , Van Horn, J.D. , Wolford, G.L. , Handy, T.C. , Valsangkar-Smyth, M. , Inati, S. ,

Grafton, S. , Gazzaniga, M.S. , 2002. Extensive individual differences in brain activa-

tions associated with episodic retrieval are reliable over time. J Cogn Neurosci 14 (8),

1200–1214 . 

orante, M. , Kopsinis, Y. , Theodoridis, S. , Protopapas, A. , 2020. Information assisted dic-

tionary learning for fMRIdata analysis. IEEE Access 8, 90052–90068 . 

orante-Moreno, M. , Kopsinis, Y. , Kofidis, E. , Chatzichristos, C. , Theodoridis, S. , 2017.

Assisted dictionary learning for FMRI data analysis. In: 2017 IEEE International Con-

ference on Acoustics, Speech and Signal Processing (ICASSP), pp. 806–810 . 

usaeus, C.S. , Engedal, K. , Hígh, P. , Jelic, V. , Mørup, M. , Naik, M. , Oeksengaard, A.R. ,

Snaedal, J. , Wahlund, L.O. , Waldemar, G. , Andersen, B.B. , 2019. Oscillatory connec-

tivity as a diagnostic marker of dementia due to alzheimer’s disease. Clinical Neuro-

physiology 130 (10), 1889–1899 . 

ee, D.E. , 2019. fMRI replicability depends upon sufficient individual-level data. Commu-

nications Biology 2 (1), 1–4 . 

https://doi.org/10.13039/501100000780
https://doi.org/10.1016/j.neuroimage.2021.118719
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0001
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0002
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0003
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0004
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0005
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0006
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0007
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0008
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0009
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0010
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0011
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0012
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0013
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0014
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0014
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0014
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0015
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0016
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0017
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0017
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0018
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0019
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0020
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0021
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0022
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0023
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0024
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0025
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0025
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0025
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0025
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0025
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0026
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0027
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0028
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0028
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0028
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0029
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0030
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0031
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0032
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0033
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0033
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0033
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0033
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0034
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0035
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0036
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0037
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0038
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0039
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0040
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0041
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0042
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0043
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0043
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0043
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0043
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0044
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0045
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0045
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0045
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0046
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0047
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0048
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0048
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0048
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0048
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0048
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0048
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0048
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0049
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0050
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0051
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0052
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0053
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0053


M. Morante, Y. Kopsinis, C. Chatzichristos et al. NeuroImage 245 (2021) 118719 

N  

O  

P  

P  

 

 

R  

 

S  

 

S  

 

S  

 

S  

 

T  

T  

 

 

T  

W  

 

W

W  

 

X  

 

 

X  

 

 

 

Y  

Z  

 

 

Z  

 

oseworthy, M.D. , Alfonsi, J. , Bells, S. , 2003. Attenuation of brain BOLD response follow-

ing lipid ingestion. Hum Brain Mapp 20 (2), 116–121 . 

lszowy, W. , Aston, J. , Rua, C. , Williams, G.B. , 2018. Accurate autocorrelation modeling

substantially improves fMRI reliability. bioRxiv 323154 . 

oldrack, R.A. , Mumford, J.A. , Nichols, T.E. , 2011. Handbook of Functional MRI Data

Analysis. Cambridge University Press . 

rotopapas, A. , Orfanidou, E. , Taylor, J.S.H. , Karavasilis, E. , Kapnoula, E.C. , Panagio-

taropoulou, G. , Velonakis, G. , Poulou, L.S. , Smyrnis, N. , Kelekis, D. , 2016. Evaluating

cognitive models of visual word recognition using fMRI: effects of lexical and sublex-

ical variables. Neuroimage 128, 328–341 . 

ui, J. , Dontaraju, K.K. , Kim, S.-J. , Abu Baker Siddique, M. , Tälay, A. , 2020. Dictionary

learning-based fmri data analysis for capturing common and individual neural acti-

vation maps. IEEE J Sel Top Signal Process 1, 1–15 . 

eghouane, A.-K. , Iqbal, A. , Abed-Meraim, K. , 2019. A sequential block-structured dictio-

nary learning algorithm for block sparse representations. IEEE Trans Comput Imaging

5 (2), 228–239 . 

eghouane, A.-K. , Shah, A. , 2013. Consistent hemodynamic response function estimation

in functional MRI by first order differencing. In: 2013 IEEE 10th International Sym-

posium on Biomedical Imaging, pp. 282–285 . 

eo, Y. , Morante, M. , Kopsinis, Y. , Theodoridis, S. , 2019. Unsupervised pre-training of the

brain connectivity dynamic using residual d-net. In: Neural Information Processing.

Springer International Publishing, pp. 608–620 . 

hi, Y., Zeng, W., Wang, N., Zhao, L., 2018. A new constrained spatiotemporal ICA method

based on multi-objective optimization for fMRI data analysis. IEEE Trans. Neural Syst.

Rehabil. Eng. 26 (9), 1690–1699. doi: 10.1109/TNSRE.2018.2857501 . 

heodoridis, S. , 2020. Machine learning: A Bayesian and Optimization perspective. 2nd

Edition, Academic Press . 

hyreau, B. , Schwartz, Y. , Thirion, B. , Frouin, V. , Loth, E. , Vollstdt-Klein, S. , Paus, T. ,

Artiges, E. , Conrod, P.J. , Schumann, G. , Whelan, R. , Poline, J.-B. , 2012. Very large

fmri study using the IMAGEN database: sensitivity-specificity and population effect

modeling in relation to the underlying anatomy. Neuroimage 61 (1), 295–303 . 
19 
urner, B.O. , Paul, E.J. , Miller, M.B. , Barbey, A.K. , 2018. Small sample sizes reduce the

replicability of task-based fMRI studies. Communications Biology 1 (62), 1–10 . 

ang, Z., Xia, M., Jin, Z., Yao, L., Long, Z., 2014. Temporally and spatially constrained ICA

of fMRI data analysis. PLoS ONE 9 (4), e94211. doi: 10.1371/journal.pone.0094211 ,

https://journals.plos.org/plosone/article?id = 10.1371/journal.pone.0094211 . 

elvaert, M. , Rosseel, Y. , 2013. On the definition of signal-to-noise ratio and contrast–

to-noise ratio for fMRI data. PLoS ONE 8 (11), e77089 . 

est, K.L. , Zuppichini, M.D. , Turner, M.P. , Sivakolundu, D.K. , Zhao, Y. , Abdelkarim, D. ,

Spence, J.S. , Rypma, B. , 2019. BOLD hemodynamic response function changes signif-

icantly with healthy aging. Neuroimage 188, 198–207 . 

ie, J. , Douglas, P.K. , Wu, Y.N. , Brody, A.L. , Anderson, A.E. , 2017. Decoding the encoding

of functional brain networks: an fMRI classification comparison of non-negative ma-

trix factorization (NMF), independent component analysis (ICA), and sparse coding

algorithms. J. Neurosci. Methods 282, 81–94 . 

u, J. , Potenza, M.N. , Calhoun, V.D. , Zhang, R. , Yip, S.W. , Wall, J.T. , Pearlson, G.D. ,

Worhunsky, P.D. , Garrison, K.A. , Moran, J.M. , 2016. Large-scale functional network

overlap is a general property of brain functional organization: reconciling inconsistent

fmrifindings from general-linear-model-based analyses. Neuroscience & Biobehavioral

Reviews 71, 83–100 . 

eung, A.W.K. , 2018. An updated survey on statistical thresholding and sample size of

fmri studies. Front Hum Neurosci 12, 1–7 . 

hang, W. , Lv, J. , Li, X. , Zhu, D. , Jiang, X. , Zhang, S. , Zhao, Y. , Guo, L. , Ye, J. , Hu, D. ,

Liu, T. , 2019. Experimental comparisons of sparse dictionary learning and indepen-

dent component analysis for brain network inference from fmri data. IEEE Trans.

Biomed. Eng. 66 (1), 289–299 . 

hao, S. , Han, J. , Lv, J. , Jiang, X. , Hu, X. , Zhao, Y. , Ge, B. , Guo, L. , Liu, T. , 2015. Supervised

dictionary learning for inferring concurrent brain networks. IEEE Trans Med Imaging

34 (10), 2036–2045 . 

http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0054
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0055
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0056
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0056
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0056
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0056
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0057
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0058
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0059
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0059
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0059
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0059
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0060
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0060
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0060
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0061
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0061
https://doi.org/10.1109/TNSRE.2018.2857501
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0062
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0062
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0064
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0065
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0065
https://doi.org/10.1371/journal.pone.0094211
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0094211
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0067
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0068
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0069
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0069
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0069
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0069
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0069
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0069
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0070
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0071
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0071
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0072
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0073
http://refhub.elsevier.com/S1053-8119(21)00991-5/sbref0073

	Enhanced design matrix for task-related fMRI data analysis
	1 Introduction
	Conventional task-related fMRI experiments
	Beyond existing DL approaches
	Summary of contributions

	2 Material and methods
	2.1 GLM overview
	2.2 Information assisted dictionary learning
	2.3 Proposed methodology for enhancing the design matrix
	2.4 TEDM: A new software toolbox extension for SPM
	Complexity and computational costs

	2.5 TEDM and IADL setup
	2.6 Synthetic fMRI-like data
	Simulation study
	Standard SPM
	IADL
	Proposed methodology
	Performance evaluation

	2.7 Real task-related fMRI data analysis
	Dataset and preprocesing
	Standard Design Matrix
	Enhanced Design Matrix


	3 Results
	3.1 Performance evaluation on the synthetic dataset
	3.2 Comparison of the estimated task-related time courses
	Enhanced task-related time courses
	Analysis of the hemodynamic response

	3.3 Additional components of the enhanced design matrix
	3.4 Single-subject level analysis
	Left primary visual cortex (words vs. fixation)
	Fusiform Gyrus (pseudowords vs. fixation)
	Inferior/Superior parietal (pseudowords vs. fixation)
	Middle Temporal Gyrus (words vs. pseudowords)

	3.5 Second-level analysis
	Group size analysis
	Full second-level analysis


	4 Discussion
	4.1 Appraisal of the proposed methodology

	5 Conclusions
	Data and Code Availability Statement
	Credit authorship contribution statement
	Acknowledgments
	Supplementary material
	References


